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A B S T R A C T

Audition is our only far-reach omni-directional sense and it plays an
important role for survival. Detecting a prey hidden in bushes or a
predator sneaking up behind us can be crucial. Our auditory system
facilitates us to not just detect such sound sources but also precisely
localize them. This localization is not trivial, but requires intensive
processing steps along the auditory pathway. These steps include the
binaural integration of signals from the left and right ear and the
identi�cation of systematic modi�cations in the perceived spectrum
of a sound. In particular, to localize sound sources in the horizontal
plane the interaural time (ITD) and level di�erence (ILD) are com-
puted. However, these cues create ambiguous information in the ver-
tical plane. Thus, elevation-dependent spectral cues created by the
shape of the ear are identi�ed to localize sounds in the vertical plane.
Together with the ITD and ILD, these cues provide a 2D representa-
tion of auditory space. This space is comprised of internally computed
auditory cues and therefore needs to be calibrated to create an asso-
ciation with the external world. Such a calibration is realized with
a visual guidance signal to further create a common frame of refer-
ence and a means for multisensory integration. Computational mod-
els that describe all these processing steps are currently either missing
or merely specialized on a single stage of the processing pathway.

In this thesis, the auditory pathway for localizing sound
sources is investigated by developing canonical computational neu-
ral network models of consecutive processing stages. In particular, a
model for ILD computation in the lateral superior olive is presented
which incorporates a synaptic adaptation mechanism that leads to
improved spatial localization of sounds in the horizontal plane. Fur-
thermore, a novel model of spectral cue processing for vertical sound
source localization is introduced. This model suggests that localiza-
tion in the vertical plane is fundamentally binaural but allows for
monaural sound source localization. A model of the inferior colliculus
describes how cues for horizontal and vertical localization are aligned
with a visual teacher signal to provide a common frame of reference.
Finally, a multisensory integration model of audio-visual inputs of the
superior colliculus demonstrates the importance of cortical feedback
for top-down modulation of sensory input. The analysis provides in-
sights on its e�ect on the Bayesian optimal fusion of multisensory
input streams.
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Model conception and simulation experiments in this thesis inves-
tigate underlying neural principles and provide new hypotheses for
auditory sound source localization.
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Part I

T H E S I S





1
I N T R O D U C T I O N

1.1 motivation

Audition is our only far reaching, 360 degree sense. It constitutes a
crucial advantage for survival by enabling us to sense and accurately
localize a threat or a prey outside our visual �eld. Such a localization
seems trivial for us and we perform it rather unconsciously.

However, underlying this apparently unconscious and e�ortless
task of localizing a sound source is a rather sophisticated process-
ing pathway [1; 2; 3; 4]. The very moment a sound signal arrives at
the eardrum, a cascade of processing steps is initiated with the goal
(among others) to identify and localize this sound signal as accurately
and fast as possible. First, vibrations at the eardrum, created by the
incoming sound waves, are transformed to a neural signal by the au-
ditory sensory organ, the cochlea [5]. The cochlea partitions such vi-
brations into frequency bands, creating a tonotopic representation of
sounds [6]. Corresponding to those frequency bands, activations are
sent along the auditory nerve �bres [7], with high activations for high
intensity sounds and vice versa [8]. These �bres connect the cochlea
with the brainstem, in particular the cochlear nucleus (CN), which per-
forms a preprocessing of neural signals [9; 10] and forwards these
preprocessed signals to higher areas.

A major part in the processing of sound signals in terms of localiza-
tion takes place in the succeeding areas of the CN, namely the superior
olive and inferior colliculus (IC) [11; 12; 13], since these areas are the
�rst to receive binaural input from the left and right ear. How signals
are processed and transformed in these areas in order to make quali-
tative judgements for the location of a sound source has been investi-
gated in physiological and behavioral experiments in the last decades
(see [4] for a profound summary). However, canonical neural network
models of these areas and their corresponding computations that take
into account physiological and behavioral �ndings are still missing.
Such models would allow to build new hypotheses and test them eas-
ily and in a non-invasive manner. Additionally, modeling brain areas
for sound source localization can e�ectively improve our understand-
ing of the underlying computations and neural circuitry. This, in turn,
might allow to transfer such knowledge to improve technologies for
hearing aids or surveillance.

3



4 introduction

In this thesis we investigate auditory sound source localization by
constructing neural circuit models for brain sites along the process-
ing pathway for auditory localization (see Fig. 1). We start in Chap-
ter 2 with a model of the �rst site of binaural integration, namely
the lateral superior olive (LSO). Then, we continue with models of
the IC in Chapters 3 and 4 and end up with a multisensory integra-
tion model of the superior colliculus (SC) (integration site of audi-
tory signals with other modalities) in Chapter 5. All models are based
on a canonical neural network approach [14] that employs canoni-
cal computations (feedforward �ltering, normalization, feedback re-
sponse enhancement) which have been suggested to form an oper-
ational set for computations in the brain [15; 16; 17]. The approach
is based on a single-compartment model describing the change of a
neuron’s membrane potential, or activity, by a �rst-order di�erential
equation summing up excitatory, inhibitory and leak conductances
[18; 19; 20]. Such an activity is de�ned according to a leaky integrator
neuron model [21].

Each presented neural network model provides profound insights
in the functionality of the speci�c site. Based on the models’ architec-
ture and results of model simulation, we construct new hypotheses
that are either tested directly or lead to new directions for further
physiological or behavioral experiments.

1.2 thesis investigations

The task of auditory sound source localization can be divided into two
separate sub-tasks. That is, the localization in the horizontal plane and
localization in the vertical plane (see Fig. 1). To localize a sound in
the horizontal plane, the auditory system exploits computed, binau-
ral cues [22; 23] that are created by the di�erence of sound signals
between the two ears: the interaural time di�erence (ITD) and the
interaural level di�erence (ILD). Which cue is eventually used or more
speci�cally how they are combined and weighted for localization de-
pends on the frequency of the perceived sound signals. For frequen-
cies below 1500Hz, typically the ITD is weighted stronger, whereas
for frequencies above 1500Hz the ILD cue is more prominent [24; 25].

For sound sources at the ipsilateral side of the head, sound waves
arrive at the ipsilateral ear prior to the contralateral ear. This di�er-
ence in arrival time of the sound between the ears creates the ITD cue.
It has been shown that human listeners can perceive ITDs values as
small as 10µs [26; 27]. The detection ability of the auditory system
for such small di�erences demonstrates its high performance.
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Figure 1: Left hand side depicts the structural organization of the early au-
ditory pathway. Black dots indicate neuron populations that are
modeled in this thesis. Colored areas illustrate di�erent modeled
areas with di�erent functional properties. These functional proper-
ties are depicted on the right hand side. The ear symbol indicates
that only auditory information is available, whereas the eye sym-
bol indicates visual information. The head refers to multisensory
(audio-visual) information. Black lines show connections between
areas.



6 introduction

For the sake of this thesis, we will focus on another cue for local-
ization in the horizontal plane: the ILD cue. It is created by the atten-
uation of sound waves by the head which leads to a lower intensity
for sounds arriving at the contralateral ear [28]. Neurophysiological
experiments have shown that the LSO comprises neurons that are re-
sponsive to such intensity di�erences [29; 30]. These neurons receive
excitatory input from the ipsilateral side and inhibitory input from the
contralateral side [31]. By integrating these two inputs LSO neurons
dynamically encode ILD [32]. Such a neuron population is modeled in
[Oess et al., 2020a] and new insights of the functionality of a retro-
grade synaptic adaptation, commonly found in such neurons [33] are
presented. A summary of the key �ndings of this publication can be
found in Chapter 2.

For sound sources located in the vertical plane, the perceived and
encoded ILD and ITD cues are ambiguous (see cone of confusion [34]).
Furthermore, for sound sources on the mid-sagittal plane the cues are
e�ectively futile. In order to localize such sounds, the auditory system
exploits elevation-dependent cues in the frequency spectrum of the
perceived sound [35]. These cues are induced by attenuation or am-
pli�cation of certain frequencies in the incoming sound by the head,
shoulders and pinna of an animal. Such a transformation of the sound
spectrum can be described by a head-related transfer function (HRTF).
The IC (and CN) comprises neurons that are responsive to the spec-
tral position of such elevation-dependent cues and therefore encode
the elevation of sound sources [36; 37; 38; 39]. In [Oess et al., 2020b],
a model architecture of the function of the IC (and parts of the CN
) is developed, demonstrating how prior information of sounds and
binaural signal integration improve sound source localization in the
vertical plane. A summary of the key �ndings of this publication can
be found in Chapter 3.

The described localization cues for the horizontal and vertical plane
jointly de�ne a two dimensional auditory map of space. Due to the
computational origin of those cues, they do not relate to actual loca-
tions in the world. That is, the auditory system cannot infer whether
an ILD value of −20dB belongs to an azimuthal direction of −45◦ or
−25◦. Therefore, the formed auditory map of space needs to be cali-
brated to a reference map. Such a map is provided by a visual guidance
signal originating directly in the retina [40; 41; 42; 43]. Whenever an
auditory stimulus is perceived in coincidence with a visual stimulus,
the calibration signal facilitates learning of an association between
the location of the auditory and visual stimulus, respectively. This
formation of a calibrated auditory map of space has been observed
between the external nucleus of the inferior colliculus (ICx) and deep
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layers of the SC [44; 45; 46; 47] in mammals. Early research in the 70s
and 80s has shown that in birds, speci�cally barn owls, such a map
takes place between the ICx and the optic tectum (OT) (homologous
structure of SC in non-mammals)[48; 49; 50]. Since then, the process
of map formation in these animals has been investigated thoroughly
[42; 51; 52; 53; 54; 55; 56; 57; 58; 59; 60; 61; 62]. Due to the availability
of such a vast amount of data for barn owls, the model introduced in
[Oess et al., 2020c] is inspired by the functional properties of map for-
mation in barn owls. It replicates the learning mechanism of auditory
space maps and explains map formation during maturation. The key
�ndings of this model are summarized in Chapter 4.

Once this registration of auditory space with visual space suc-
ceeded, the information of the two modalities can be integrated to
establish an accurate and stable perception [63; 64]. The �rst stage
for integration of sensory signals from di�erent modalities is the SC
[65]. This area receives inputs from vision, audition and somatosen-
sory areas, and combines them into a single multisensory percept [66;
67]. To do that, SC neurons exhibit receptive �elds for di�erent modal-
ities and show highest activity when each receptive �eld detects a
stimulus [68; 69]. In [Oess et al., 2020d], a neural network model for
a population of such neurons is introduced that incorporates modula-
tory cortical feedback, displays typical multisensory response proper-
ties and demonstrates its ability to integrate multisensory signals in
a near-optimal Bayesian fashion. A summary of the key �ndings of
this publication can be found in Chapter 5.

In Chapter 6, we present a concluding summary of all presented re-
sults of this thesis and point out further research directions. After this
summary, a description of the author’s contributions for each publi-
cation together with a full list of all publications summarized in this
thesis is given in Appendix A.1. The full text of all introduced publi-
cations for this thesis can be found in Appendix A.2.





2
H O R I Z O N TA L S O U N D S O U R C E L O C A L I Z AT I O N

In this chapter, we present a neural model for horizontal sound source
localization as introduced in [Oess et al., 2020a]. We give an overview
of the publication’s key �ndings and place them in the overall context
of this thesis. The full publication can be found in Appendix A.2 on
page 58.

2.1 motivation

Neurons in the LSO have been shown to respond to the di�erence of
intensities of sounds (ILD) arriving at the ipsi- and contralateral ear,
respectively [28; 29; 31]. This encoding is the functional result of the
integration of excitatory inputs from the CN of the ipsilateral side and
inhibitory inputs from the CN of the contralateral side via a relay sta-
tion, the medial nucleus of the trapezoid body (MNTB) [70; 71] (see
Fig. 2). Neurons in the LSO encode the ILD by integrating these two
inputs, resulting in a monotonic correspondence between response
rate and ILD of the signal. Thus, the combined responses of LSO neu-
rons in a population gives rise to an encoding of ILD. However, this
encoding is not static as one would expect for a spatial localization
task, but is highly dynamic and has been demonstrated to adapt to
recent stimulus statistics [32; 72; 73; 74].

This adaptation is facilitated through a specialized neural circuit
that works on the synaptic level of the neuron (see Fig. 2 inset). The
fundamental principle utilized by this circuit is the synaptic adap-
tation of postsynaptic gamma-aminobutyric acid (GABA) receptors.
They modulate the e�ectiveness of excitatory and inhibitory inputs
to the neuron, respectively, and are activated based on the activity of
the neuron itself [33]. Such a modulation of input e�ectiveness leads
to an adaptation of the neuron response. Thereby, it enables higher
localization accuracy of consecutive sounds originating from similar
locations, which has been shown in behavioral experiments with hu-
mans [75] and neurophysiological experiments with gerbils [33].

In [Oess et al., 2020a], a computational model is presented which
incorporates such a synaptic adaptation mechanism. In line with bio-
logical evidence, the model comprises two population of neurons (see
Fig. 2 �lled blue circles), an LSO and a MNTB population [76], where
each neuron is tuned to a speci�c frequency band. The LSO popula-

9



10 horizontal sound source localization

Figure 2: Model architecture. Blue �lled circles represent model neurons.
Blue empty circles indicate inputs to model neurons. Red bullet-
headed connections are inhibitory and blue arrow-headed con-
nections are excitatory connections from inputs to neurons and
from neurons to other neurons, respectively. Top right corner is
an enlarged view on the synaptic connections of an LSO neuron.
The output of such a neuron modulates its a�erent connections.
Adapted from [Oess et al., 2020a], Creative Commons license 4.0
(https://creativecommons.org/licenses/by/4.0/).
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tion receives excitatory input from ipsilateral input neurons and in-
hibitory input from the MNTB population, which are driven by input
signals from the contralateral side. By integrating these two inputs,
modeled LSO neurons are responsive to the level di�erence of sound
signals between the ipsi- and contralateral input sides. To replicate
physiological and behavioral �ndings [32; 33; 75; 77], the LSO popula-
tion incorporates a synaptic GABA adaptation circuit by a dynamical
change of its input weight kernels Λ̄E−I and Λ̄E−E (see Fig. 2 and eq.
2 & 3 in [Oess et al., 2020a]). Simulation experiments with this model
indicate its predictive power by replicating physiological �ndings of
LSO neurons [75; 78; 79] and suggest an optimal ratio of GABA e�ec-
tiveness on excitatory and inhibitory inputs.

In the following, we present a brief summary of the key �ndings
and predictions of the model.

2.2 key results

A series of computational experiments are reported in [Oess et al.,
2020a] to investigate model behavior and the in�uence of various
adaptation mechanisms on model responses. In experiment 1 the
model response to a default set of ILDs is presented and model parame-
ter in�uence on the response is investigated. It demonstrates how the
input weighting determines the resolution and extent of ILD encod-
ing. That is, the response curve of LSO neurons can be determined by
the way the inhibitory input is integrated (subtractive or divisive). Re-
sults indicate that a balance interaction between subtractive and divi-
sive input strength is crucial to simultaneously maintain high coding
precision and a wide response range (see Fig. 2 in [Oess et al., 2020a]).

Experiment 2 introduces an adaptation mechanism based on a dy-
namical weighting of synaptic inputs and provides a quantitative anal-
ysis of the adaptation ability of LSO neurons, the coding precision in-
dex. This index is further used to determine the optimal ratio between
GABA e�ectiveness on the excitatory and inhibitory inputs, respec-
tively (see Fig. 3C). By calculating the maximum coding precision in-
dex for a parameter sweep over the parameters that determine the
GABA e�ectiveness, a linear relationship between the two parameters
has been found. Subsequently, this relationship is the basis to calcu-
late the optimal ratio between the excitatory and inhibitory GABA ef-
fectiveness. Simulation experiments with this ratio and an inversion
of it indicate that variable GABA e�ectiveness could provide an ex-
plicit means for LSO neurons to quickly shift between wide response
range and high coding precision (see Fig. 3 A&B). Such a shift would
facilitate the neuron to an enhanced adaptation to its auditory envi-
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ronment. In addition, the in�uence of the inhibitory integration pa-
rameters on the optimal ratio is investigated (see Fig. 3 D).

Taken together, the model demonstrates that the incorporation of
retrograde synaptic adaptation leads to a selective tuning of the neu-
ron responsiveness to a wider set of input stimuli. Additionally, the
model suggests an optimal ratio between the e�ectiveness of GABA on
the excitatory and inhibitory inputs, respectively.

The �ndings in [Oess et al., 2020a] contribute to the goal of this
thesis by analyzing how sound sources in the horizontal plane can be
adaptively localized with a canonical neural network model of the LSO.
The computation of ILD cues for localization transforms the perceived
tonotopical space of sounds into a topographical space which is nec-
essary for spatial localization. However, this space is not complete
yet, since it only contains information about the horizontal location
of sounds but misses any cue about the vertical location. In the follow-
ing, we present a model for vertical localization of sounds that adds
this missing information.
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Figure 3: E�ectiveness of GABA receptor on LSO response. (A) Adapta-
tion range of model LSO neuron for inverse GABAb receptor ef-
fectiveness. Parameters λE and λI describe the inhibition e�ec-
tiveness on excitatory and inhibitory inputs respectively. Normal
(dark blue line) and shifted (light blue line) responses are shown.
For λE = λI = 0 the ILD response curve is the same as the de-
fault response (see Fig. 2B in [Oess et al., 2020a]) and no dynamic
adaptation process takes place. For λE = 0.70 and λI = 1.0 (in-
verse ratio) the response curve’s slope and consequently its sen-
sitivity is decreased while the dynamic coding range is increased.
(B) Adaptation range of model LSO neuron for increasing param-
eter values. Normal (dark blue line) and shifted (light blue line)
responses are shown. Again, for λE = λI = 0 the ILD response
function is similar to the default response. Light blue area indi-
cates the adaptation range. (C) Exhaustive parameter evaluation
of the GABA parameters λE, λI . Each point in the heat map indi-
cates the coding precision value for a certain combination of λE
(abscissa) and λI (ordinate). We assume that the neuron’s task is to
achieve a preferably high coding precision value. Black dots depict
these values (the maxima of the map). A linear function (dashed
line) was �tted to those points and the slope (m = 0.80) and bias
(b = −0.06) calculated. (D) In�uence of model parameters κr and
γr on the gain (left panel) and bias (right panel) of the linear regres-
sion. Adapted from [Oess et al., 2020a], Creative Commons license
4.0 (https://creativecommons.org/licenses/by/4.0/).





3
V E R T I C A L S O U N D S O U R C E L O C A L I Z AT I O N

In this chapter, we present a model for vertical sound source localiza-
tion by brie�y summarizing [Oess et al., 2020b] and placing its key
�ndings in the context of this thesis. The full publication can be found
in Appendix A.2 on page 96.

3.1 motivation

Localizing a sound source in the vertical plane is a di�cult task for
the auditory system since it requires the identi�cation and extraction
of spectral features from the perceived spectrum of the sound. These
features are elevation dependent modi�cations (notches and peaks)
in the sound spectrum induced by the head, shoulders and pinna [80;
81; 82] and thus are called spectral cues. They are usually summa-
rized by the term HRTF. By identifying the spectral position of spec-
tral cues, the auditory system infers the spatial localization of the per-
ceived sound. However, this process is not trivial since the spectra
of everyday sounds can contain cues (troughs or peaks in the spec-
trum) already before being �ltered by the HRTF which leaves the audi-
tory system with the problem to determine which cues are elevation-
dependent and which cues are originating from the sound source. In
other words, the auditory system cannot determine which spectral
features are induced by the HRTF and which are naturally in the spec-
trum of the sound. Thus, vertical sound source localization is an ill-
posed problem [83; 84] when sounds are localized based on two (left
and right ear) separate monaural signals.

In [Oess et al., 2020b], we present an architecture (Fig. 4 A) for ver-
tical sound source localization that circumvents this ill-posed problem
by a binaural integration of signals from the left and right ear. The
integration of these signals e�ectively removes sound type speci�c
characteristics of the spectrum, leaving only HRTF induced, elevation-
dependent cues. In an arithmetic implementation of this architecture
we demonstrate localization performance of the model under various
conditions. In particular, we test the model with monaural and bin-
aural sounds to investigate the advantage of binaural integration. In
addition to an arithmetic model, we also present a neural network
implementation, based on the canonical neural circuit model, which
shows the biological plausibility of the suggested architecture for ver-

15



16 vertical sound source localization

tical sound source localization (see Fig. 4 B). The introduced architec-
ture provides a hint to the question of when the signals of the left and
right ear are merged along the processing pathway.

3.2 key results

In the model architecture presented in [Oess et al., 2020b], four di�er-
ent computational layers are designed to extract prominent elevation-
dependent spectral cues and compare these cues with a previously
learned map of elevation spectra (see 4 A). The input to the model is a
signal over frequency bands, provided by a gammatone-�lter bank for
the left and right ear, respectively, replicating auditory nerve �ber ac-
tivity [85] In a �rst layer (I), such a tonotopical input signal is normal-
ized by a Gaussian �lter [86]. Already after this normalization step, el-
evation dependent spectral cues are prominent. To construct a sound
type speci�c prior for later (optional) usage, these signals are aver-
aged over elevations. That is, for each perceived sound type a single
(integrated) signal representation over frequency bands is created and
used as a prior. The second layer (II) receives the normalized signal of
the left and right ear, respectively, and combines them by a division,
which results in a binaural signal. Due to the asymmetry of the ears
[87; 88], this binaural integration e�ectively removes the sound type
speci�c spectral content and leaves only elevation-dependent spectral
features. This is the main step in circumventing the ill-posed problem
of sound source localization, since the two unknowns (sound type
spectrum and HRTFs) are reduced to only one unknown (HRTFs, or in
particular an HRTF ratio). This process becomes clear when looking
at the �lter equations of the free-�eld spectrum SP with the HRTF of
the right and left ear (HRTFelev(R,L)), for a certain elevation elev,
and the perceived spectrum at the left and right ear perceived(L,R):

SP ·HRTFelev(R) = perceived(R), ill-posed
SP ·HRTFelev(L) = perceived(L), ill-posed

if these two equations are solved for SP, they become

SP =
perceived(R)

HRTFelev(R)

SP =
perceived(L)

HRTFelev(L)
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Figure 4: Model architecture and implementation. A Model Architec-
ture. Each sound that is presented to the model is �rst �ltered by
a subject’s HRTF of di�erent elevations for the left (HRTFL(ε, f))
and right ear HRTFR(ε, f), respectively. The resulting signals
are �ltered by a Gaussian normalization step (I). Then, if avail-
able, prior information is integrated, separately for the left and
right ear. The binaural integration step (II) combines the sig-
nal from the left and right ear. Each perceived signal of all pre-
sented sound types contributes to build a learned map of ele-
vation spectra (III) for later cross-correlation with a perceived
sound to compute an elevation estimate ε∗ (IV). B Neural Network
Model. Blue �lled circles indicate model neurons. Blue empty cir-
cles represent model inputs. Blue arrow-headed connections are
excitatory and red bullet-headed connections are inhibitory con-
nections from inputs to neurons and from neurons to other neu-
rons, respectively. The processing consists of two independent par-
allel pathways for the left and right ear input which interact at
the level of the superior olive and presumably inferior colliculus.
Adapted from [Oess et al., 2020b], Creative Commons license 4.0
(https://creativecommons.org/licenses/by/4.0/).
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Subsequently, we can write the two results in a single equation and
resolve it, so that it becomes

perceived(R)

perceived(L)
=
HRTFelev(R)

HRTFelev(L)
(1)

This equation is not ill-posed if the ratio HRTFelev(R)
HRTFelev(L)

is unambiguous
since it is independent of SP. This is an abstraction of the implicit
mechanism of the binaural integration in the presented model.

To learn this unknown HRTF ratio and create a spectral map of
elevations for later comparison, all perceived and processed sound
signals are averaged over frequencies in a third layer (III). Finally, in
the fourth layer (IV), the perceived, normalized and integrated signal
is compared to such a previously learned map via a cross-correlation,
as suggested in [83], to estimate the elevation of the perceived sound.

Behavioral studies have shown that humans are able to localize
sounds in the vertical plane with just a single ear [89; 90]. These
�ndings lead to the assumption that vertical sound source local-
ization is a monaural process, initiated separately for the left and
right ear. The resulting elevation estimates of the left and right ear,
respectively, are then combined into a single estimate [83; 91]. In
[Oess et al., 2020b], that assumption is questioned by demonstrating
that a binaurally learned map can successfully account for monaural
as well as binaural sound source localization. Thus, leading to the
conclusion that the underlying process of vertical sound source
localization is fundamentally binaural but can handle monaural
signals when forced to, e.g., in an experimental setting. In our
simulation experiments we use recorded HRTFs of humans from the
CIPCI database [92] to �lter a total of 20 di�erent natural sound
types arriving from 25 di�erent spatial locations ranging from −45◦

to +90◦ on the median plane.
In total we test four di�erent conditions using our model by selec-

tively leasioning parts of it as well as providing selective augmenta-
tion:

• 1: Monaural: The binaural integration layer (II) is omitted and
monaural signals are directly compared with the learned map.

• 2: Monaural - Prior: Again the binaural integration layer (II)
is omitted but prior information about the sound is integrated
before comparing it with the learned map of elevation spectra.

• 3: Binaural: Signals are normalized, binaurally integrated and
subsequently compared with the previously learned map.
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• 4: Binaural - Prior: In addition to the steps in the Binaural
condition, prior information is integrated to the signals before
the binaural integration step.

The results achieved by the arithmetic model implementation of
the architecture in [Oess et al., 2020b] demonstrate that a binaurally
learned map of elevation spectra (last row of Fig. 5) supports the local-
ization of binaurally perceived sounds (condition 3 and 4, third and
fourth column Fig. 5). Adding previously learned sound type speci�c
prior information to the perceived sound (condition 4) increases the
localization performance slightly (right plot last row Fig. 5). When
pure monaural sound signals (condition 1) are presented to the model
(left plot last row Fig. 5) localization is essentially not possible. How-
ever, when these monaural signals are enriched with sound type spe-
ci�c prior information (condition 2), localization ability is restored
(second left plot last row Fig. 5) and similar performance as in the
binaural conditions 3 and 4 is achieved. This demonstrates that a bin-
aurally learned map can account for the localization of binaural and,
if prior information is available, monaural sound signals.

We also probe localization performance of the model for di�erently
learned maps (see di�erent rows in Fig. 5) to investigate whether
this performance depends on the way the map of elevation spectra
is learned. That is, we ask whether such a map is learned based on
monaural or binaural signals. Findings indicate that even when the
map is based on monaural sound signals (�rst and second row Fig. 5),
localization of monaural sounds is possible only when prior informa-
tion is integrated (second column Fig. 5). These results are in contra-
diction with experimental results which have shown that human par-
ticipants can localize unfamiliar sounds (no prior information) [89].
However, some authors suggested that the monaural testing paradigm
in early experiments have not been able to su�ciently reduce the per-
ceived information on the blocked ear [93]. Since the performance for
sounds without prior information (�rst and second column in row 1
and 2 Fig. 5) is low, we conclude that a monaurally learned map is not
su�cient to provide adequate information for localization. Only pre-
sented binaural signals provide su�cient information to localize even
unfamiliar sounds (third column in row 3 and 4 Fig. 5). Furthermore,
these simulation results demonstrate that prior information consis-
tently improves localization performance over all di�erently learned
maps (compare second and fourth column with �rst and third column,
respectively).

In addition to the arithmetic implementation of the architecture, we
provide an implementation in our canonical neural network model
and demonstrate that simulation results are in line with the previ-
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Figure 5: Estimation results over di�erently learned maps. Each col-
umn depicts localization results of the model for the di�erent con-
ditions. X-axis indicates the elevation of the presented sound. Y-
axis is the model elevation estimate for a sound. Pure monaural
sounds are presented in left column. Middle-left column shows
model estimate for monaural sounds integrating prior informa-
tion. Pure binaural sounds are presented in middle-right column.
Right column depicts model estimate for binaural sounds integrat-
ing prior information. In each row the learned map which is used
to compare perceived sounds to, is learned based on di�erent sig-
nals. In the �rst row, the map is based on pure monaural sounds.
Monaural sounds integrating prior information are used to build
the learned map for the second row. In the third row, the map is
based on pure binaural sounds. Binaural sounds integrating prior
information are used to build the learned map for the fourth row.
Adapted from [Oess et al., 2020b], Creative Commons license 4.0
(https://creativecommons.org/licenses/by/4.0/)
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ously presented �ndings (see Fig. 6): When pure monaural sounds
are presented to the neural network model (condition 1, left plot), it
struggles to localize them. However, when prior information is inte-
grated localization performance is restored (condition 3, second left
plot). Binaural localization remains superior in all conditions (3 and
4, two right plots). Most signi�cantly, in this neural network model,
the map of elevation spectra is learned in a biologically plausible way
using a (stabilized) Hebbian learning approach [94].
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Figure 6: Neural Network Elevation Estimates. Model estimates for all
participants. Calculated regression lines for di�erent participants
in the CIPIC database are shown (colored lines). Black lines are
calculated by averaging over all colored lines to achieve averaged
estimation values. X-axis indicates the elevation of the presented
sound. Y-axis is the model elevation estimate for a sound. Pure
monaural sounds are presented in left panel. Middle-left panel
shows model estimates for monaural sounds integrating prior in-
formation. Pure binaural sounds are presented in middle-right
panel. Right panel depicts model estimates for binaural sounds in-
tegrating prior information. Regression values are shown in inset
box. Adapted from [Oess et al., 2020b], Creative Commons license
4.0 (https://creativecommons.org/licenses/by/4.0/)

Taken together, the �ndings in [Oess et al., 2020b] suggest that the
auditory system takes advantage of binaural signal integration for
vertical sound source localization, thus providing an circumvention
to the ill-posed problem of vertical sound localization. It challenges
the common assumption of a monaural vertical localization of sound
sources by demonstrating that a binaurally learned map can account
for monaural and binaural localization. We hypothesize about the ex-
istence of a sound type or at least sound category speci�c prior that
enables localization of monaural sounds.

Furthermore, the implemented neural network model demon-
strates biologically plausibility of the architecture and insights in
the underlying mechanisms of spectral elevation map learning. We
demonstrated that dynamical interactions of neuron populations can
account for extracting prominent spectral features and thus allow ver-
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tical sound source localization of a great variety of di�erent sounds.
Additionally, the structure of the neural network implementation fol-
lows neurophysiological �ndings of neurons involved in spectral cue
extraction (in the CN) and hypothesizes that neurons in the IC per-
form a binaural integration of excitatory inputs from the ipsilateral
side and inhibitory inputs from the contralateral side.

The proposed model in [Oess et al., 2020a] for horizontal sound
source localization together with the proposed architecture and im-
plementation in [Oess et al., 2020b] allow for the construction of a
topographical map of auditory space which is required for successful
localization. However, this topographical space is not calibrated yet,
i.e., it does not have any reference frame. The following chapter and
publication tackles the problem of calibrating the auditory space.



4
A U D I T O R Y M A P C A L I B R AT I O N

In this chapter, we describe a neural network model for calibrating
auditory space maps as introduced in [Oess et al., 2020c], highlight
its key �ndings and demonstrate how they contribute to the overall
topic of this thesis. The full publication can be found in Appendix A.2
on page 118.

4.1 motivation

In the previous chapters we introduced neural network models for the
localization of sound sources in the horizontal (Chapter 2) and verti-
cal plane (Chapter 3). The outcome of these models combined, span a
two dimensional auditory map of space. However, due to the compu-
tational origin of this map it lacks an association or reference frame to
actual locations in the world. For example, it is impossible for the au-
ditory system to infer whether a perceived ILD of 20dB corresponds
to an azimuth angle of, e.g., −10◦,10◦ or 35◦. To overcome this issue,
the auditory system utilizes vision as a guidance signal. It aligns an
auditory map of space with a visual space map provided by the to-
pography of the retina [40]. For a visual stimulus that is perceived
in temporal registration with an auditory stimulus, an association of
the spatial location of the visual stimulus with the auditory stimu-
lus is learned. Over time, these associations create a topographically
aligned map of auditory space.

In [Oess et al., 2020c], a neural network model of several layers
is introduced which is capable of learning such associations. The
model’s architecture is inspired by the ICx and OT of barn owls[42;
48; 51; 95]. For mammals, such a map is likely to exist in the deep
layers of the SC [45; 46; 47]. This model utilizes an unsupervised Oja
learning rule [96] to form an aligned auditory map of space by cor-
relating audio and visual input streams, respectively. The learning
comprises three di�erent factors: an eligibility control signal that en-
ables learning only for spatially aligned visual and auditory inputs
[52], a temporal trace signal to ensure robust map formation by ac-
counting for temporal o�sets [97] and a stabilizer term to guarantee
a constant energy level in the neuron layers. These three components
jointly synthesize a neoHebbian 3-factor learning rule [98] that guar-
antees correct map alignment of auditory maps of space directed by a
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visual guidance signal. Network neurons are based on the canonical
neuron model as presented in Section 1.1. In several simulation exper-
iments we demonstrate the model’s ability of stable, yet �exible map
formation.

4.2 key results

In a �rst experiment, robust map formation for temporally and spa-
tially aligned auditory and visual inputs is demonstrated (Fig. 7 A). In
a second experiment, we probe the model on its ability to learn the au-
ditory map for spatially shifted visual inputs. It has been shown that
when young barn owls are raised with a shifted visual �eld, induced
by prismatic goggles, the auditory space map in those owls is shifted
according to the extent of the visual input. We replicate these �ndings
with our introduced neural network model and demonstrate that the
model is capable of shifting the auditory map in correspondence to
the shift of the visual input (10◦ and 20◦ shift, see Fig. 7 B). Model be-
havior is further validated by replicating the inability of realignment
of the auditory space map when a single large shift is introduced in
adult owls (see Fig. 7 C) but remains e�ective when the presented vi-
sual shift is introduced in small (3◦) gradual steps (see Fig. 7 D), as
indicated by neurophysiological �ndings [95].

Our results lead to the hypothesis that such behavior is strongly
related to the receptive �eld size of auditory map neurons. Hebbian
learning describes the strengthening of connections between pre-
and post-synaptic neurons by temporal coincidental activation [100].
For single large shifts the location of activated pre-synaptic neurons
might be outside the receptive �eld of the post-synaptic neuron, thus
no coincidental activation occurs and, as a consequence, no connec-
tion weights are strengthened. In contrast, if small gradual shifts are
induced, the location of the pre-synaptic activation is still within
the receptive �eld of the active post-synaptic neuron. Therefore, the
model and presumably the auditory system of barn owls are able to re-
align the auditory map of space. We tested this hypothesis by probing
the model and �nd a nearly linear relationship between the receptive
�eld size of auditory map neurons and the maximal step size of the
visual shift that still induces a realignment of the auditory map (see
Fig. 7 F).

The relationship between spatial autocorrelation of inputs and
their temporal o�set (of the auditory and visual input signals) on the
success of map alignment is investigated and presents another key
�nding of [Oess et al., 2020c]. Large temporal o�sets between audio
and visual inputs usually occur for a stimulus source that is far away
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Figure 7: Map alignment results. Left and middle column. Population tun-
ing curves of ICx neurons to di�erent auditory stimulus locations
relative to each neuron’s predicted normal response are shown
(as in [99]). Normal responses of a neuron are derived from the
learned map for temporally aligned, non-shifted inputs. Lines de-
pict mean of model neuron responses. Colored areas around mean
indicate standard deviation. In all plots the blue line is the nor-
mal response plotted for easier comparison. A depicts model re-
sponses for temporally aligned, non-shifted inputs. B shows re-
sponses for various shifts of visual inputs. In C green line plots
model responses for a shifted visual input of 15◦ in adult animals.
D shows model responses for incremental shifted inputs in adult
animals. Right column. E map alignment quality over autocorrela-
tion value of inputs (ordinate) and their temporal o�set (abscissa).
Perfect map alignment is indicated in bright yellow, no alignment
at all in dark blue. F depicts the maximal shift step over recep-
tive �eld width when the shift is introduced at a mature state of
the model. Shaded region around line shows standard deviation.
Adapted from [Oess et al., 2020c], Creative Commons license 3.0
(https://creativecommons.org/licenses/by/3.0/)
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from the observer due to their di�erence in signal velocity (light ver-
sus audio waves). At the same time, such a distant stimulus is auto-
matically perceived as moving slower than a stimulus close by, due to
motion parallax [101], which corresponds to a high spatial autocorre-
lation. On the contrary, small temporal o�sets between audio and vi-
sual inputs occur for stimuli that are very close to the observer (di�er-
ence in signal velocity is neglectable). Typically, such nearby stimuli
are perceived to move faster, which corresponds to a low spatial au-
tocorrelation. The in�uence of these two parameters (temporal o�set,
spatial autocorrelation) and their intuitive relation on successful map
learning is investigated. Results indicate that the model is perfectly
capable of learning audio-visual stimuli with reasonable temporal o�-
set and spatial autocorrelation values (as described before). That is, for
audio-visual inputs that arrive with small temporal o�sets, map align-
ment is successful even for unstable, fast moving stimuli (low spatial
autocorrelation). In contrast, for inputs that arrive with a large tem-
poral o�set between the audio and visual input signal, map alignment
is only possible if the stimuli is moving slowly (high spatial autocor-
relation, see Fig. 7 E).

The model proposed in [Oess et al., 2020c] implements a crucial
step in the process of sound source localization since it connects
the computed auditory localization cues with actual locations in the
world by constructing an auditory map of space guided by visual in-
put. Such an alignment of auditory and visual signals in a common
frame of reference enables the integration of both modalities into a
common percept which is introduced and discussed in the next chap-
ter.



5
M U L T I S E N S O R Y I N T E G R AT I O N O F A U D I T O R Y
A N D V I S UA L S I G N A L S

In this chapter we describe a neural network model for multisensory
integration of audio-visual inputs as introduced in [Oess et al., 2020d].
We highlight its key �ndings and place them in the overall context of
this thesis. The full publication can be found in Appendix A.2 on 127.

5.1 motivation

In the previous chapter 4, we introduced a neural network model of
the IC which learns a spatial alignment of an auditory space map with
visual input signals. That is, the model provides a common reference
frame for auditory and visual stimuli. Based on such a reference frame,
it is possible to integrate these inputs from di�erent modalities to gen-
erate a common percept of audio-visual stimuli. In [Oess et al., 2020d],
a neural network model for such a process is introduced. Multisen-
sory integration is a critical processing step for localizing stimuli of
di�erent modalities. For example, it has been shown that multimodal
stimuli lead to an enhancement of neural responses ("multisensory
enhancement") thus providing a more stable and reliable percept [69;
102; 103].

We model such and other response behaviors by a biologically plau-
sible model of the SC of mammals [104; 105] (see Fig. 8). The inputs
to the model are activities of neuron populations for auditory (origi-
nating at the IC) and visual spatial locations (coming from the retina),
respectively. These inputs connect to model SC neurons, which have
separate, but spatially-aligned receptive �elds for each modality. Feed-
forward inhibition, based on a coincident detection mechanism (I in
Fig. 8), and pool normalization (II in Fig. 8) ensure a constant activa-
tion level of model neurons and regulate response strength for stim-
uli of various intensities. Most interestingly, cortical feedback projec-
tions (III in Fig. 8) from association areas [106; 107] are incorporated
in the model and are shown to have a crucial role in multisensory re-
sponse properties and in optimal cue integration. These cortical feed-
back projections are realized with a cross-modal feedforward inhibi-
tion circuit (see Fig. 8 IV).

Multisensory integration of auditory stimuli with inputs from other
modalities represents the end of an auditory processing pathway in

27
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Figure 8: Model Architecture. Overall architecture of the multisensory
integration model. Blue lines indicate excitatory connections,
green lines indicate modulatory connections and red lines in-
dicate inhibitory connections. Green box is a modulatory cor-
tical signal that is described in more detail in grey box. Filled
circles represent model neurons, hollow circles indicate inputs
to the model. Letters indicate the name of neurons and inputs.
Adapted from [Oess et al., 2020d], Creative Commons license 4.0
(https://creativecommons.org/licenses/by/4.0/)
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the brainstem and midbrain for auditory sound source localization.
Further processing of auditory space continues in thalamic and corti-
cal areas [108; 109] which is beyond the scope of this thesis.

5.2 key results

The �ndings presented in [Oess et al., 2020b] are twofold: �rst, the
response of the neural model is validated by replicating various phys-
iological experiments. These include commonly observed response
properties of multisensory neurons like inverse e�ectiveness [69; 103],
within-modality suppression [106; 110] and spatial principle [68]. Sec-
ond, after having validated model responses, we test the model’s abil-
ity for optimal Bayesian integration of audio-visual stimuli demon-
strating that near-optimal Bayesian inference is facilitated by modu-
latory cortical feedback projections.

When multisensory neurons are probed with low intensity, multi-
modal stimuli, their response is typically enhanced compared to when
probed with unimodal stimuli. Such response behavior is called mul-
tisensory enhancement. Together with a weak enhancement for high
intensity, multimodal stimuli compared to high intensity, unimodal
stimuli, such a response behavior creates the property of inverse e�ec-
tiveness. The presented model displays such a response property for
spatially aligned, multimodal inputs of various intensities (see Fig. 9
B �rst column).

The magnitude of this property can be measured by a so called
additivity index, which is the multisensory response strength divided
by the summed response of the two unisensory responses (see Fig. 9
C). For an index value above 1 the multisensory response is higher
than the combined response of unisensory inputs.

For multimodal inputs where one of the inputs is shifted outside the
receptive �eld of the corresponding modality, the response property
of inverse e�ectiveness vanishes and cross-modal suppression takes
place. That is, the input outside the receptive �eld suppresses the
multisensory response so that it becomes smaller than the unisen-
sory response (see Fig. 9 4th column). Once the unisensory stimulus
has moved outside the receptive �eld this suppression vanishes and
a mere unisensory response can be observed (see Fig. 9 5th column).
Such a consecutive suppression of multisensory neurons is summa-
rized by the term spatial principle [111]. In the presented model, this
property emerges from network dynamics without tuning the recep-
tive �eld to, e.g., a Mexican hat shape as commonly proposed in other
models for multisensory integration [112].
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Figure 9: Spatial Principle of multisensory neurons. Upper row (A) dis-
plays the audio (red) and visual (blue) inputs to the model over spa-
tial locations with increasing o�set values. Middle row (B) shows
the responses of rate-based model neuron i = 8 over input intensi-
ties for corresponding audio and visual inputs as given in the �rst
row. Black and orange lines indicate presence of both input modal-
ities for sensory and cortical inputs (bimodal response). Orange
lines indicate that cortical feedback is active, whereas black lines
shows responses when the feedback is turned o�. Pink and pur-
ple lines indicate both sensory inputs present with cortical visual
and audio input o�, respectively. Blue and red lines show unimodal
inputs, that is, only visual and auditory sensory and cortical in-
puts, respectively. Black dashed line is the sum of the unimodal
inputs (red and blue lines). Bottom row (C) depicts the additiv-
ity index of the same model neuron i = 8 over input intensities.
Adapted from [Oess et al., 2020d], Creative Commons license 4.0
(https://creativecommons.org/licenses/by/4.0/)
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Most interestingly, all multisensory properties described above are
only visible when cortical feedback projections are active. For deac-
tivated projections, these properties disappear (see Fig. 9 black lines).
This result is in line with physiological �ndings [106; 113].

When humans perceive a multimodal stimulus, they tend to com-
bine the information from di�erent sensory signals in an optimal fash-
ion in order to maximize the information gain provided by the stim-
ulus [114]. Di�erent theoretical frameworks exist to describe such a
process. Here, we consider optimality in the sense of Bayesian Infer-
ence. That is, how each modality weighs in this combination process
is determined by the reliability of the signal [115].

Despite ample investigations in the �eld of multisensory integra-
tion [105; 107; 113; 116], it remains unclear on which level of the
processing pathway such optimal integration is performed. Studies
demonstrated that mainly cortical regions are involved in this inte-
gration and that it is controlled by higher order cognitive processes
[117; 118]. Nevertheless, there are indications that Bayesian inference
takes place already on a population level of neurons [119; 120; 121].

Modeling results presented in [Oess et al., 2020d] point in the di-
rection that Bayesian inference of multisensory signals is a combined
e�ort between higher order cortical and subcortical processes. We
demonstrate that the computed spatial location of the combined stim-
ulus is similar for activated as well for deactivated cortical feedback
connections (see Fig. 10 A). This means that multimodal spatial in-
formation can already be successfully inferred by feedforward signal
integration. However, to correctly estimate the variance, thus the cer-
tainty of the combined signal, cortical feedback connections are es-
sential (see Fig. 10 B).
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Figure 10: Bayesian inference results. Plot A compares the means of
model responses versus the analytically calculated means of the
samples drawn as described in left panel. B displays model vari-
ance values versus computed variance values. Orange dots indi-
cate active cortical feedback whereas black dots indicate corti-
cal feedback o�. Dashed line indicates perfect model behavior.
Adapted from [Oess et al., 2020d], Creative Commons license 4.0
(https://creativecommons.org/licenses/by/4.0/)
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C O N C L U S I O N

This chapter brie�y summarizes the main contributions of this the-
sis (Section 6.1) and presents future directions for investigations (Sec-
tion 6.2).

6.1 summary

In this thesis, we explored the neural functionalities of auditory sound
source localization by modeling certain processing stages along the
subcortical auditory pathway. For each of the involved brain sites, we
presented a study that comprised a speci�cally designed neural cir-
cuit model, a functional analysis of its behavior and hypotheses about
neurophysiological properties and new functional mechanisms. Con-
tributions of this thesis to the �eld of auditory research is manifold: By
applying a canonical neural model for each study, the thesis provides
a common means to investigate sound source localization in di�erent
stages of the brain. Furthermore, it provides explanations about how
certain functionalities arise from structural organizations of neurons
and raises new hypotheses for the functional and physiological pro-
cessing of auditory localization cues.

The �rst presented study (Chapter 2) introduces a model of the LSO
for the encoding of ILD values of arriving sound signals. Depending
on where a sound comes from, the intensity di�erence between the
left and right ear changes systematically and by computing these dif-
ferences the model encodes the horizontal space of auditory sound
source locations. It has been shown that such an encoding is highly
dynamic [32; 75; 77] and that a specialized neural mechanism, work-
ing on the synaptic level, is a major driving factor for such adaptation.
This mechanism allows the neuron to adapt the e�ectiveness of how
its excitatory and inhibitory inputs are integrated. This so-called ret-
rograde synaptic adaptation mechanism, based on GABA receptors,
is incorporated in the model which leads to a dynamic encoding of
space by modulating the e�ectiveness of excitatory and inhibitory in-
put integration, respectively. First, a set of simulation experiments
are conducted to verify correct behavior of the model. Second, sim-
ulation results are provided that suggest that the change of such ef-
fectiveness of the di�erent inputs can gradually adjust the neuron’s
response. Thereby, it allows the neuron to provide either high coding
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precision for a small range of responses or a low coding precision for
a wide range of responses. In addition, an optimal ratio of GABA ef-
fectiveness between the excitatory and inhibitory input, respectively,
is determined.

To determine the vertical location of a sound source, elevation-
dependent spectral cues, induced by the pinna of the ear, need to be
extracted and analyzed by the auditory system. However, such an ex-
traction is mathematically an ill-posed problem [83; 84]. In Chapter 3,
we presented a study that introduces a model to circumvent this ill-
posed problem by binaural signal integration and incorporation of
prior information about sounds. The model learns a map of eleva-
tion spectra and, based on such a map, performs a cross-correlation
with perceived input signals. Simulation results demonstrate localiza-
tion performance of such a model under di�erent conditions. When
the learned map is based on monaural signals, separately established
for the ipsi- and contralateral side, localization is only possible when
prior information about sounds is integrated. If no prior information
is available, localization of monaural sounds is not possible. However,
when the learned map is based on binaurally integrated signals, com-
bined from the ipsi- and contralateral side, localization of binaural
and monaural sound signals is possible. Based on these �ndings we
hypothesize that vertical sound source localization is fundamentally
binaural but can cope with monaural signals, given prior information
of that sound. Such prior information might arise from integrated
averaged observations and could be represented in cortical areas in
which a sound source has already been categorized based on its type
[122; 123]. Top-down projects from cortex [124; 125] would then send
this prior information to sites like the IC for integration.

The models introduced in Chapter 2 and Chapter 3 jointly synthe-
size a 2-dimensional map of auditory space. In order to make use
of such a computational space, it needs to be calibrated with cues
from the external world. This calibration is enabled by an associative
learning mechanism between retinotopic space provided by the retina
and the computed auditory space. Chapter 4 introduces a model that
learns such an association between spatially and temporally corre-
lated visual and auditory inputs by employing a neoHebbian learning
rule. Model behavior is veri�ed by replicating several experimental
�ndings. When auditory and visual signals arrive in temporal registra-
tion, successful alignment of the auditory map is observed. This align-
ment follows the spatial location of visual inputs. That is, for shifted
visual inputs, provided at the beginning of the learning process, the
learned auditory map is shifted as well. However, when visual inputs
are shifted after an alignment has already been established, successful
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realignment corresponds tp the shift step size. Simulation results sug-
gest that such a realignment depends strongly on the initial receptive
�eld size of auditory neurons. Furthermore, the model demonstrates
that the natural autocorrelation values of audio-visual stimuli lead to
a stable formation of an aligned auditory map of space.

In the study presented in Chapter 5, a neural circuit model for
multisensory integration of audio-visual signals is introduced. The
model’s architecture is inspired by the functional organization of the
SCs of mammals. Despite feedforward sensory inputs, the model in-
corporates cortical modulatory feedback connections. Neurophysio-
logical experiments have indicated that such active feedback connec-
tions are essential for the neuron to exhibit its typical multisensory
response properties. The model’s predictive power is validated by
replicating typical multisensory response properties, like inverse ef-
fectiveness or spatial principle. Simulation experiments demonstrate
how modulatory feedback in�uences multisensory response proper-
ties and, most signi�cantly, indicate that such feedback enables near-
optimal Bayesian inference. With deactivated feedback projections,
the reliability of the computed multisensory inference is reduced.

Taken together, in this thesis we provided neural circuit models for
areas involved in sound source localization along the auditory pro-
cessing pathway. Each study demonstrated its biological plausibility
and contributes to the �eld of sound source localization in general
by o�ering a common description of di�erent functionalities along
the processing pathway. Additionally, new hypotheses and future re-
search directions were derived from simulation results and architec-
ture of the di�erent models. In the next section, we will discuss these
hypotheses and how they lead to future research questions in the �eld.

6.2 future directions

The synaptic adaptation mechanism introduced in [Oess et al., 2020a]
and summarized in Chapter 2 is a rather simplistic process that works
at the synapse level of neurons. It seems plausible that it is a common
mechanism in synaptic integration and takes place at various other
stages and processes, e.g. tactile perception or thalamic circuits [126;
127]. In addition, such a circuitry might allow for a balanced interac-
tion of excitatory and inhibitory inputs in cortical areas as suggested
by [128]. Thus, future research should investigate the dynamics of
such an adaptation mechanism within a larger and more complicated
neural circuit than the LSO. It would be interesting to explore the re-
sponse behavior of complex neural circuits that incorporate such an
adaptation mechanism not just on inhibitory or excitatory inputs but
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also on modulatory inputs. The functional impact of synaptic adapta-
tion in such a circuitry could lead to new insights for sensory process-
ing as well as cortical processes.

An area that has been shown to bene�t from such a synaptic adap-
tation is the medial superior olive (MSO) [129] that encodes ITD. Future
investigations should comprise the construction of a canonical neural
circuit model of this area and examine the in�uence of adaptation in
this context, despite the spatial segregation for consecutive sounds.

Regardless the possible detailed mechanisms underlying such adap-
tation processes, it could be a valuable feature in technical systems by
facilitating the perception of a wide input range of stimuli, similar to
the shutter of a camera. Several applications of sound source localiza-
tion can be found already today in everyday life. For example, it is
used as a safety measure (in autonomous driving) when visual local-
ization is not possible [130; 131; 132]. Incorporating such an adapta-
tion mechanism in these systems would allow for improved localiza-
tion qualities.

Future investigations, directly derived from model hypotheses,
should examine the existence of sound type speci�c prior informa-
tion for vertical sound source localization. The introduced model for
localization of sound sources in the vertical plane (see Chapter 3) pre-
dicts the integration of sound type speci�c prior information, espe-
cially for monaural sound signals. A behavioral experiment should be
set up in which participants are asked to localize familiar, e.g., white
noise, and unfamiliar sounds under monaural and binaural conditions.
If model predictions hold to be true, monaural localization of unfamil-
iar sounds should e�ectively be not possible.

An important factor for sound source localization, that has not been
fully investigated in this thesis, is the role of attention for localiza-
tion. It has been shown that attention can facilitate the localization
estimation of sound sources [133; 134]. Future models should com-
prise cortical feedback mechanisms projecting down into di�erent ar-
eas for localization. These feedback projections would provide atten-
tion signals for speci�c sound types or frequency bands. One would
need to incorporate mechanisms in the models to integrate these feed-
back projections. Since such signals would need to amplify neural re-
sponses for certain sounds but not necessarily drive the neural re-
sponses, one could imagine to integrate them in a modulatory fash-
ion, similar to the mechanism introduced in [Oess et al., 2020d]. We
demonstrated that such modulatory integration facilitates responses
in multisensory neurons. Additionally, we demonstrated that corti-
cal feedback projections (prior information) increase the localization
performance for vertical sound source estimation [Oess et al., 2020b].
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Thus, it seems plausible that the feedback projection and integration
of such information is a general mechanism throughout the auditory
(localization) pathway.

One further major step for future investigations of auditory sound
source localization is the combination of all introduced models of dif-
ferent areas of the auditory pathway to a single model for auditory
sound source localization and multisensory integration. This model
would provide a holistic means to investigate auditory localization
and give insights in the dynamics and information �ow between dif-
ferent areas. Furthermore, this model could be facilitated with a learn-
ing mechanism to investigate the formation of multisensory integra-
tion along auditory localization during maturation of the auditory sys-
tem.

The introduced models for sound source localization build a solid
basis for future investigations in the perception and processing of
moving sound sources. Visual motion perception has been studied
intensively over the last century. Comparatively little is known about
auditory motion perception both empirically and theoretically. In fu-
ture investigations, human perception of auditory motion and its un-
derlying neural circuitry should be addressed. A �rst step in this di-
rection would be to analyze the contribution of di�erent binaural and
monaural cues for objects moving in di�erent directions. Based on the
results of such behavioral experiments, computational models should
be designed that provide indications for where and how auditory mo-
tion processing takes place in the brain.
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A
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a.1 contributions

This thesis summarizes the following four publications:

• [Oess et al., 2020a] as presented in Chapter 2 introduces a
model for horizontal sound source localization based on ILD
cues. This publication has emerged from a collaboration with
my supervisors Prof. Marc O. Ernst and Prof. Heiko Neumann.

– My contributions to this publication are the formation
of the idea to investigate the neurophysiological mecha-
nisms of ILD encoding, the implementation of the neural
network model, the design of all in the publication pre-
sented experiments and the analysis of their results.

– Prof. Marc O. Ernst inspired the overall study, signi�cantly
improved the publication’s structure and presentation and
guided the formation of the di�erent experiments pre-
sented in the paper.

– Prof. Heiko Neumann contributed to this publication by
guiding the overall study, designing the mathematical de-
scription of the neural network model, especially the no-
tation of the retrograde synaptic GABA inhibition term,
validated the theoretical results and improved the publica-
tion’s overall structure and quality.

• [Oess et al., 2020b] as presented in Chapter 3 introduces a
model for vertical sound source localization based on spectral
cues. This publication has emerged from a collaboration with
my supervisors Prof. Heiko Neumann and Prof. Marc O. Ernst.

– My contributions to this publication are the idea to ap-
ply binaural signal integration for spectral cue processing,
the design of the architecture and its implementation in a
rule-based and neural network model, the design of all in
the publication presented experiments and the analysis of
their results.

– Prof. Heiko Neumann contributed to this publication by
guiding the overall study, aiding the mathematical descrip-
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tion of the neural network model and improving the pub-
lication’s overall structure and quality.

– Prof. Marc O. Ernst had the initial idea to investigate the
neurophysiological mechanisms of spectral cue process-
ing. He signi�cantly improved the publication’s structure
and presentation and guided the formation of the di�erent
experiments presented in the paper.

• [Oess et al., 2020c] as presented in Chapter 4 introduces a
model for the alignment of auditory and visual maps of space
by a neoHebbian learning rule. This publication has emerged
from a collaboration with my supervisors Prof. Marc O. Ernst
and Prof. Heiko Neumann.

– My contributions to this publication are the formation of
the idea to investigate audio visual map formation, the im-
plementation of a neural network model, the design of all
in the publication presented experiments and the analysis
of their results.

– Prof. Marc O. Ernst inspired the overall study, signi�cantly
improved the publication’s structure and presentation and
guided the formation of the di�erent experiments pre-
sented in the paper.

– Prof. Heiko Neumann contributed to this publication by
guiding the overall study, supporting in designing the
mathematical description of the learning mechanism, val-
idating the theoretical results and improving the publica-
tion’s overall structure and quality.

• [Oess et al., 2020d] as presented in Chapter 5 introduces a
model multisensory integration of audio-visual signals. This
publication has emerged from a collaboration with Maximilian
Löhr, Daniel Schmid and my supervisors Prof. Marc O. Ernst
and Prof. Heiko Neumann.

– My contributions to this publication are the basic design
of the neural network model, the implementation of it, the
design of all in the publication presented experiments us-
ing the neural network model, the design and implementa-
tion of the Bayesian inference experiment and the analysis
of their results.

– Maximilian Löhr contributed by implementing a neuro-
morphic version of neural network model for multisen-
sory integration and aided in the design of the experi-
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ments with this neuromorphic model. He drafted the neu-
romorphic part of the manuscript and improved the pub-
lication’s quality.

– Daniel Schmid designed and implemented the experi-
ments with the neuromorphic network model, analyzed
their results. He drafted the neuromorphic results part and
improved the publication’s structure and quality.

– Prof. Marc O. Ernst inspired the overall study, aided the
design of the Bayesian inference experiment and signi�-
cantly improved the publication’s structure and presenta-
tion.

– Prof. Heiko Neumann contributed to this publication by
guiding the overall study, designing the mathematical de-
scription of the model, especially the cortical modula-
tory feedback mechanism, validating the theoretical re-
sults and improving the publication’s overall structure and
quality.
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Abstract

Adaptation to statistics of sensory inputs is an essential ability of neural systems and

extends their effective operational range. Having a broad operational range facilitates to

react to sensory inputs of different granularities, thus is a crucial factor for survival. The com-

putation of auditory cues for spatial localization of sound sources, particularly the interaural

level difference (ILD), has long been considered as a static process. Novel findings suggest

that this process of ipsi- and contra-lateral signal integration is highly adaptive and depends

strongly on recent stimulus statistics. Here, adaptation aids the encoding of auditory percep-

tual space of various granularities. To investigate the mechanism of auditory adaptation in

binaural signal integration in detail, we developed a neural model architecture for simulating

functions of lateral superior olive (LSO) and medial nucleus of the trapezoid body (MNTB)

composed of single compartment conductance-based neurons. Neurons in the MNTB serve

as an intermediate relay population. Their signal is integrated by the LSO population on a

circuit level to represent excitatory and inhibitory interactions of input signals. The circuit

incorporates an adaptation mechanism operating at the synaptic level based on local inhibi-

tory feedback signals. The model’s predictive power is demonstrated in various simulations

replicating physiological data. Incorporating the innovative adaptation mechanism facilitates

a shift in neural responses towards the most effective stimulus range based on recent stimu-

lus history. The model demonstrates that a single LSO neuron quickly adapts to these stimu-

lus statistics and, thus, can encode an extended range of ILDs in the ipsilateral hemisphere.

Most significantly, we provide a unique measurement of the adaptation efficacy of LSO neu-

rons. Prerequisite of normal function is an accurate interaction of inhibitory and excitatory

signals, a precise encoding of time and a well-tuned local feedback circuit. We suggest that

the mechanisms of temporal competitive-cooperative interaction and the local feedback

mechanism jointly sensitize the circuit to enable a response shift towards contra-lateral and

ipsi-lateral stimuli, respectively.

Author summary

Why are we more precise in localizing a sound after hearing it several times? Adaptation

to the statistics of a stimulus plays a crucial role in this. The present article investigates the
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abilities of a neural adaptation mechanism for improved localization skills based on a neu-

ral network model. Adaptation to stimulus statistics is very prominent in sensory systems

of animals and allows them to respond to a wide range of stimuli, thus is a crucial factor

for survival. For example, humans are able to navigate under suddenly changing illumina-

tion conditions (driving a car into and out of a tunnel). This is possible by courtesy of

adaptation abilities of our sensory organs and pathways. Certainly, adaptation is not con-

fined to a single sense like vision but also affects other senses like audition. Especially the

perception of sound source location. Compared to vision, the localization of a sound

source in the horizontal plane is a rather complicated task since the location cannot be

read out from the receptor surface but needs to be computed. This requires the underlying

neural system to calculate differences of the intensity between the two ears which provide

a distinct cue for the location of a sound source. Here, adaptation to this cue allows to

focus on a specific part of auditory space and thereby facilitates improved localisation abil-

ities. Based on recent findings that suggest that the intensity difference computation is a

flexible process with distinct adaptation mechanisms, we developed a neural model that

computes the intensity difference to two incoming sound signals. The model comprises a

novel mechanism for adaptation to sound source locations and provides a means to inves-

tigate underlying neural principles of adaptation and compare their effectivenesses. We

demonstrate that due this mechanism the perceptual range is extended and a finer resolu-

tion of auditory space is obtained. Results explain the neural basis for adaptation and indi-

cate that the interplay between different adaptation mechanisms facilitate highly precise

sound source localization in a wide range of locations.

Introduction

Localization of a sound source in space is a crucial task for every living being that is facilitated

with an auditory system, may it be for hunting or predator avoidance. In contrast to visual

object localization which is limited to a certain range for most animals, auditory localization

allows for detection of sound sources in 360˚. It works in low contrast environments (bright

day light or complete darkness) and some animals solely rely on auditory localization to hunt

and find their way through an environment [1, 2]. Humans take advantage of their accurate

sound source localization system e.g. to focus on a single speaker among plenty other sources

(see cocktail party effect [3]).

Auditory localization is a rather complicated task, since a sound signal does not explicitly

convey information about its location. Instead, lateral localization predominantly relies on two

binaural cues: the interaural time difference (ITD) and the interaural level difference (ILD).

The ITD is based on the delay of signals between the two ears. That is, for sound source loca-

tions on the ipsilateral side of the head sound waves are delayed at the contralateral ear due to

the longer travel distance, thereby creating a difference in the arrival time of the signal between

the two ears. Such difference can be computed by a neural coincidence mechanism [4]. How-

ever, more recent findings suggest that in mammals the encoding of such time differences is

achieved by a complex inhibition circuit [5, 6]. The ILD, on the other hand, exploits the fact

that high frequency sounds coming from the contralateral side are attenuated by the head and

thereby are reduced in their intensity on the ipsilateral side [7]. The amplitude difference is

computed by comparing the different intensity levels of the left and right ear.

The superior olivary complex, a midbrain region that connects the cochlear nucleus (CN)

and the inferior colliculus (IC), is the first stage in the auditory pathway that receives inputs
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from the ipsilateral and contralateral ear and thereby is the first region of binaural processing.

Particularly the lateral side of the superior olive (LSO) receives excitatory input form the ipsi-

lateral CN and inhibitory input from the ipsilateral medial nucleus of trapezoid body (MNTB),

a relay station for signals coming from the CN of the contralateral side. That is, for a high

intensity signal at the ipsilateral ear, LSO neurons are strongly excited. However, if the inten-

sity of the signal at contralateral ear becomes stronger, inhibition on LSO neurons is increased

and their activity reduced. By integrating these signals neurons in the LSO compute the ILD

between the two ears [8–11].

From the stiffness change of hair cells in the cochlea to noise suppression in the auditory

cortex, the auditory system implements several adaptation mechanisms throughout its path-

way. Recent investigations indicate that also the process of binaural signal integration in the

LSO is highly dynamic and facilitated by a dedicated mechanism that allows it to rapidly adapt

to statistics of perceived stimuli. Thereby providing a dynamic encoding of perceptual auditory

space, which allows to maintain high sensitivity to sound source locations [12–15].

Here, we investigate adaptation ability of LSO model neurons to perceived stimuli statis-

tics. These neurons exhibit two distinct adaptation mechanisms: an implicit and explicit one.

The former emerges from the sensitivity of LSO neurons to differences of signal arrival time

[16, 17]. The physiological nature of this mechanisms allows it to work instantly. The latter

one is realized by a retrograde GABA signaling pathway [18] and works in the magnitude of

seconds.

By adapting to recently perceived stimuli, the (neural) system potentially either increases its

population response efficiency [19] or improves its localization precision for consecutive sti-

muli, since it is likely that two consecutive sounds originate from nearby spatial locations. In

other words, adapting to a previous stimulus can increase localization ability for the consecu-

tive one. This behavior was shown for human participants in a behavioral experiment in which

they had to localize sound sources after being exposed to an adapter tone [12, 20]. In addition,

the authors conducted neurophysiological experiments with gerbils that led them to the con-

clusion that this adaptation mechanism is mediated by a “retrograde GABA signaling path-

way” that inhibits the afferents of an LSO neuron and thereby adapts the neuron’s responses

based on its recent activity.

How these adaptation mechanisms could be realized in a neural network model and to

what extend they support and even improve the localization of sound sources is investigated in

the following. The implemented neural model serves as an example on how such a mechanism

can realize a canonical framework of synaptic adaptation with the potential to take place in

other tasks where adaptation is required. Simulations indicate that this adaptation enables a

large increase in the effective operational range while simultaneously providing higher resolu-

tion of the spatial location of interest in the perceptual auditory space.

We develop a computational model of the neural dynamics for adaptive shift estimation in

binaural sound localization which supposedly takes place in the LSO. The model neurons uti-

lize conductance-based properties of state change from excitatory and inhibitory inputs. Fast

adaptation is achieved by a local control mechanism based on an activity dependent GABA

pathway which adapts the effective synaptic integration at the basal dendrites of LSO neurons.

A series of computational experiments are reported to investigate efficacies of various adap-

tation mechanisms of model neurons and to quantitatively analyze their functionalities.

Model

In this section we introduce the architecture of the model which components and interactions

are based on neurophysiological findings. The LSO is the first stage of binaural processing in
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the auditory pathway. It receives direct ascending inputs from spherical bushy cells (SBC) of

the ipsilateral CN and indirect inputs from globular bushy cells (GBC) of the contralateral CN,

via the MNTB. The MNTB serves as a relay station that converts the excitatory signal of GBC

neurons to an inhibitory input to the LSO. In contrast, SBC neurons of the ipsilateral CN proj-

ect directly to the LSO and provide excitatory input. By integrating these two signals, neurons

of the LSO encode the ILD by means of a monotonic correspondence between response rate

and ILD of the signal. Taken into account this physiological hierarchy the presented model

consists of these two distinct neuron populations and their circuit-level interactions as shown

in Fig 1.

Each of these populations comprises an array of N neurons, each selective to a specific fre-

quency band centered at frequency ω (the neuron’s characteristic frequency). Their response

is formally described by a first-order ordinary differential equation of the change of its mem-

brane potential (see [21, 22]). The input conductances to a modeled LSO cell are defined by sr
o

and sq
o

. These inputs represent the activity of SBC and GBC cells of the ipsi- and contralateral

CN, respectively, with characteristic frequency ω = {1, . . ., N}. Thereby inputs to the model as

well as the neurons within a population are tonotopically ordered. The input signals to the

model are assumed to emerge from neuron populations of preceding stages of the LSO in

the auditory pathway, namely spherical and globular bushy cells in the ipsi- and contralateral

cochlear nucleus, respectively. It has been shown that the activity of these cells is a linear func-

tion of the sound level in dB (logarithmic scale) of perceived stimuli [23]. For simplicity, it is

thereby assumed that the inputs are in the range sfr;qg
o
¼ ½0; 1� and that the values linearly cor-

respond to the perceived level intensities.

Fig 1. Architecture of model. Blue filled circles represent model neurons. Blue empty circles indicate inputs to model neurons. Red bullet-headed

connections are inhibitory and blue arrow-headed connections are excitatory connections from inputs to neurons and from neurons to other neurons,

respectively. Top right corner is a enlarged view on the synaptic connections of an LSO neuron. The output of such a neuron modulates its afferent

connections.

https://doi.org/10.1371/journal.pcbi.1008020.g001
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LSO neurons

The modeled LSO neuron population receives ipsi-lateral excitatory input from SBC cells and

inhibitory input from neurons of the contra-lateral MNTB population. We employ a single-

compartment model to describe the membrane potential, or activity, of LSO neurons rω which

are selective to frequency bands ω. We defined activities according to the leaky integrator

equation to model membrane potential dynamics with the membrane current as the sum of

excitatory, inhibitory, and leak conductances [24–26]. Similar neuron models have previously

been demonstrated to successfully describe neuron and network characteristics in a variety of

vision tasks, e.g., [27, 28]. The equation reads

tr _ro ¼ � arro þ ðbr � roÞ �
X

o0

sr
o0

�LE� E
oo0
� ðgr þ krroÞ �

X

o0

gqðqo0 Þ�L
E� I
oo0 ð1Þ

where _r � d
dt r and τr define the membrane time constant of the neuron. The input current

(right hand side) is defined by a leak current (first term) and lumped excitatory and inhibitory

currents (second and third term), respectively. We arbitrarily set the passive equilibrium

potential to zero with constant passive leak conductance αr, which leads to passive decay to

zero resting level if inputs are switched off. In the second summation term, sr
o

describes the

ipsilateral excitatory input to an LSO neuron arising from a driving input population of excit-

atory SBC neurons which are integrated by a weighted summation with an interaction kernel

�LE� E
oo0

over frequencies (index E − E denotes excitatory-to-excitatory connections). The third

summation term integrates activities of inhibitory MNTB neurons, with activity qω, by a

weighted summation with an interaction kernel �LE� I
oo0

over frequencies (index E − I denotes

inhibitory-to-excitatory connections). Inhibitory input qω (see Eq 6) is passed through a non-

linear activation function gq(•). Together, excitatory and inhibitory conductances realize a

recurrent on-center/off-surround competitive mechanism in a dynamic field of neurons [26].

The driving forces in the excitatory and inhibitory input currents are defined by the excitatory

saturation level βr and the inhibitory saturation level γr/κr, respectively. The latter constants

determine the strength of the subtractive and the divisive influence of the inhibitory input cur-

rent. For comparison of these parameter values in the computational neural model with physi-

ologically plausible neuron parameters see S2 Text.

The key feature of the model is a retrograde GABA signaling circuit [18] that attenuates the

efficacy of the model’s afferent connections, where the individual effectiveness depends on the

activity of a single LSO neuron. This adaptive inhibition is asymmetric exerting stronger inhi-

bition on excitatory synaptic input than on inhibitory synaptic input. To account for these

effects, we incorporated an activity-dependent modulation function that decreases the effective

weight coefficients. Formally, we replace the weight kernels L
E� E
o

and L
E� I
o

by state-dependent

adaptive terms

�LE� E
oo0
¼ L

E� E
oo0
� ð1 � lEpoÞ ð2Þ

and

�LE� I
oo0
¼ ðL

E� I
oo0
þ drÞ � ð1 � lIpoÞ; ð3Þ

respectively. The parameter δr denotes an offset level for inhibitory GABA signaling strength

and λE and λI are the GABA receptor effectivenesses on the excitatory and inhibitory input,

respectively. We will discuss these parameters and their origin in more detail in section GABA

parameter strength. The state variable pω models the GABA receptor activation over time and
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can be described by

tp _po ¼ � appo þ ðbp � poÞ � ro ð4Þ

where parameter τp defines the membrane capacity, αp is a decay rate and βp describes a satura-

tion level of the inputs. The net effect of this weight adaptation in the kernels is a monotonic

reduction of the efficacy of the excitatory and inhibitory inputs of an LSO neuron. The down-

modulatory effect on the effective weights is controlled by the activity of the LSO neuron itself.

This mechanism allows the neuron to adapt to stimulus history and thereby provide a means

for dynamic adaptation.

The firing rate of an LSO neuron is calculated by a sigmoidal activation function gr of its

membrane potential rω

grðroÞ ¼
1

ð1þ exp ð� ðro � bÞ � aÞÞ
ð5Þ

MNTB neurons

Model MNTB neurons receive excitatory input from GBC of the contralateral CN and project

an inhibitory signal to the ipsilateral LSO [29]. Thereby, MNTB neurons are a relay station

between the ipsi- and contralateral hemisphere. The inhibitory input qω from relay cells in the

MNTB to the LSO is defined by

tq _qo ¼ � aqqo þ bq �
X

o0

sqo0L
I� E
oo0 ð6Þ

where sq
o

describes the contralateral input to an MNTB neuron, arising from an input popula-

tion of GBC neurons and weighted by interaction kernel ΛI−E. Parameters τq, αq and βq have

same functionality as in Eq 1. The interaction kernels of the neuron inputs in Eqs 1 and 6 are

normalized Gaussians with different sigmas σi, i 2 {E − E, E − I, I − E} depending on the given

connection (see Table 1).

The firing rate of an MNTB neuron is defined by the rectified signal of its membrane

potential

gqðqoÞ ¼ ½qo�þ ¼ maxðqo; 0Þ; ð7Þ

where max(qω, 0) denotes the half-wave rectification of the activation.

Results

Model simulations in this section provide a basis for evaluating binaural stimulus integra-

tion and a quantitative analysis of the adaptation efficacy of model neurons simulating LSO

functions.

In experiment 1 general response properties of the model under different neuron parameter

conditions are presented. We show that the response range and the coding precision of model

neurons can be adjusted by altering parameter values that control how inhibitory inputs are

integrated to calculate the membrane potential. Having demonstrated that, we introduce a ret-

rograde GABA signaling circuit to the model that dynamically alters the effective strength of

the inhibitory inputs based on recent neuron activity.

Thus, the experiment 2 inspects the response adaptation for this local GABA inhibition cir-

cuit. The strength of the inhibitory GABA signals imposed on the excitatory and inhibitory

inputs determines the efficacy and shape of the adaptation. By systematically varying
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parameters that control the strength of the inhibitory GABA signals, an optimal value for the

ratio of the parameters is identified on the basis of a novel adaptation index. This adaptation

index (similar to the standard separation in [30] and [20]) quantifies the coding precision

of a neuron with respect to its ability to register relative (azimuthal) offsets of sound sources,

thereby creating a unique measure of the adaptation quality. This index is the basis for evalua-

tion and comparison of the different adaptation processes and efficacies in the following

experiments.

The effect of the introduced adaptation mechanism on response characteristics based on

stimulus history is examined in experiment 3. Here, the influence of stimulus history on loca-

tion estimation is measured by presenting adapter tones with fixed ILDs shortly followed by

test stimuli with different ILDs, similar to behavioral experiments in [20] and [12].

Experiment 4 characterizes a second adaptation process in LSO neurons: the influence of

time delays between the ipsilateral and contralateral inputs on the adaptation capacity of the

model neuron (time-intensity trading [17, 31]). It demonstrates that the offset of arrival time

between the input signals plays a crucial role in the integration process and facilitates higher

localization accuracy.

All in the following presented results are calculated from the network responses readout at

a single neuron level after keeping the input stimuli constant for at least 400 time steps. This

duration is sufficient for the neuron to dynamically converge to its equilibrium membrane

potential of numerical integration of the state equations (see Fig 2B inset).

In particular, a constant level is presented for 400 time steps to the ipsilateral and contralat-

eral input populations before changing it. This presentation time corresponds to the reaction

time of neurons and is consistent throughout all experiments expect experiment number 4.

For the numerical integration of the state equations we chose Euler’s method with a step size of

Δt = 0.001 (for details see [32]).

The choice of model parameters of the neurons is crucial for their response behavior in

terms of the effective response range (steepest slope) and of the range of dynamic adaptation.

The parameters for the following simulations are chosen to fit a variety of neurophysiological

Table 1. Model parameters.

General Parameters

N (# Neurons) 5

sigmoid parameter a 20

sigmoid parameter b 0.2

LSO Neuron

τr 0.025 λI 1.0

αr 1.0 λE 2.0

βr 1.0 σE − E 0.5

γr 3.0 σE − I 0.6

κr 4.0 δr 0.16

MNTB Neuron

τq 0.025 σI − E 0.1

αq 2.0

βq 1.0

GABA Receptor

τp 2500.0

αp 25.0

βp 125.0

https://doi.org/10.1371/journal.pcbi.1008020.t001
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experiments. In particular, we focused on the results of the dynamic adaptation experiment

[18] (experiment 2 and 3), where the authors demonstrate that activation of a retrograde

GABA signaling pathway leads to a shift of LSO neurons’ response curves, and the input tim-

ing experiment [16] (experiment no. 4), in which it is shown that LSO neurons respond to the

ITD of the presented signals thus exhibiting time-intensity trading.

Parameter influence and response behavior

Neural models have several parameters (e.g. membrane saturation, decay rate) that can be

tuned to achieve a desired response behavior of a model neuron. Since we are investigating the

integration of two incoming signals, the most influential parameters are the ones that control

the effective strength of those signals on the membrane potential.

Therefore, the first experiment investigates the influence of model parameter values that

control the influence and strength of inhibitory inputs. We demonstrate that the typical

response curve of LSO neurons (sigmoidal function over ILDs) is shifted and that its slope is

modulated by these parameters. In addition, the experiment shows the default response of a

Fig 2. Input generation and parameter influences. (A) Input generation for the model system for ILD calculation. Red line shows excitatory input from cells

of the ipsilateral cochlear nucleus to LSO neurons. Blue line shows excitatory input from cells of the contralateral cochlear nucleus to MNTB neurons which are

converted to inhibitory input to LSO neurons. Vertical grey dashed lines indicate measurement points of neuron’s response. (B) Model response of an LSO

neuron for a default set of parameter values. Blue line shows the response rate of a single LSO neuron to stimuli as presented in (A) over interaural level

difference. The ILD is determined by subtracting the level of the ipsilateral stimulus from the level of the contralateral stimulus. Inset shows membrane

potentials for LSO (activity r, red) and MNTB (activity q, blue) neurons. Probing times (grey dashed lines) are chosen to ensure that both membrane potentials

have reached a steady state before measuring. These states can be identified by horizontal plateaus in the display where the membrane potential is constant. (C,

D) Model response for parameter values γr and κr, respectively. (C) Parameter values of γr are varied in range [0.0, 3.5] which control the strength of subtractive

inhibition. (D) Model responses for different κr values in range [0.0, 14] that regulates the effect of shunting inhibition on the membrane potential. Filled areas

are approximated from simulation results.

https://doi.org/10.1371/journal.pcbi.1008020.g002

PLOS COMPUTATIONAL BIOLOGY Neural adaptation in binaural signal integration

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008020 July 17, 2020 8 / 23



model LSO neuron that is used for comparison in further experiments. Since the purpose of

this experiment is to investigate influence of model parameters without the influence of

dynamic adaptation, GABA receptor parameters λE, λI and δr are set to 0, effectively disabling

this retrograde GABA signaling circuit (see Eqs 2 and 3).

Input stimuli to the neuron model over time for an example frequency band ω are shown

in Fig 2A. Note that all frequency bands are excited equally. Ipsi- and contralateral inputs

are presented as monotonic functions of the sound level over time (decreasing for ipsilateral

input and increasing for contralateral input, respectively). These input functions have sev-

eral plateaus i.e. constant levels over time that allows the neuron’s membrane potential to

reach a steady state (see Fig 2B inset). Note, that the response of a single LSO neuron is the

result of a dynamic process of direct excitatory inputs and indirect inhibitory inputs from

MNTB neurons.

The output response of a model LSO neuron is computed by applying a sigmoid transfer

function (see Eq 5) to the membrane potential to generate a firing rate. The transfer function

is tuned to have typical response properties of measured neurons in mammals [16, 33]. The

observed output starts to increase for ILD values around + 10dB and has its steepest slope for

ILD values of 25dB before it saturates for a maximal perceivable ILD value (in this model

+ 40dB). The response of the model for the default set of parameter values, as defined in

Table 1, is shown in Fig 2B.

Since the maximal numerical input to our model neuron is scaled to be positive and lower

than 1.0, the range of input level difference is [−1.0, 1.0] (i.e. an input value of 1.0 on the ipsi-

lateral and an input value of 0.0 on the contralateral side and vice versa). We defined the range

of perceivable ILD to be between 40dB and −40dB to be in line with physiological ILD values

[17, 34].

Two major mechanisms of gain control in neuronal circuits exist: shunting and subtractive
inhibition. The term shunting refers to its effect of locally reducing the input resistance and

increasing its conductances, thereby reducing the amplitude of excitatory postsynaptic poten-

tials (EPSP) [35]. Subtractive inhibition is achieved by hyperpolarization of the neuron’s mem-

brane due to the opening of voltage gated potassium channels.

Fig 2C and 2D display the influence of the LSO membrane equation parameters γr (upper

plot) and κr (lower plot) (Eq 1) that define the effect and type of the inhibitory input on the

membrane potential. In the present model the parameter κr controls the strength of the shunt-

ing term. The algebraic solution of the steady-state response of this inhibition type results in

divisive inhibition. For γr = 0, κr> 0 the inhibition becomes a pure shunting inhibition. The

strength of subtractive inhibition can be controlled by the parameter γr and for γr> 0, κr = 0

the inhibitory input operates in a pure subtractive manner. When γr> 0, κr> 0 the inhibitory

input is a combination of both inhibition mechanisms (see [22] for more details on parameter

influence).

The displayed responses are attained by keeping one of the parameters at its default value

(γr = 3 and κr = 4) while varying the other. Increasing the γr parameter simultaneously leads

to a steeper slope and a shift of the point of complete inhibition towards positive ILD values

(louder tone at ipsilateral ear, see Fig 2C). For different κr values the slope of the response

function is similar over all presented values (see Fig 2D). Also the point of zero response stays

constant. The only noticeable change is in the effective operating point, i.e. the point at which

the neuron is maximally sensitive to changes. For small κr values this point is closer to 20dB
and shifts towards more positive ILDs for larger values. Since response to ILD values is highly

variable among LSO neurons we fixed the values of the parameters to resemble neurophysio-

logical response characteristics of an LSO neuron. That is, a maximal response close to the
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maximal perceivable difference and a point of zero response close to 10dB with a maximal sen-

sitivity for sounds coming from the ipsilateral side.

The effect of the two parameters can also be seen in displays of the membrane potential (Fig

2C and 2D insets), where parameter κr defines whether the function decays in a convex or con-

cave manner. The point of zero crossing does not change for different parameter values. In

contrast, γr changes the slope of the function (steeper slope for higher values) and by that shifts

the point of zero crossing. The shape of the function however remains linear. For the influence

of parameter values on coding precision see S1 Fig.

Nevertheless, there exist mechanisms and processes that can alter such a response curve of

LSO neurons. One of these processes is mediated by GABAergic inhibition of the afferent con-

nections. This mechanism facilitates a shift of the response curve to a great extent towards pos-

itive ILDs. We investigate this in the following experiment.

Dynamic adaptation of response behavior

The following experiment two and three investigate the neural basis for dynamic adaptation in

simulations of modeled LSO neurons. Recent neurophysiological findings revealed that neu-

rons in the LSO employ a synaptic adaptation circuit that facilitates the neuron to adapt to

recent stimulus history. This circuit has functional implications for sound localization as it

shifts the range of highest sensitivity of the neuron towards recently perceived stimulus loca-

tions [12, 18, 20]. The underlying principle of this synaptic circuit is presumably the activation

of pre-synatipc GABA receptors which regulate the effectiveness of excitatory and to a lesser

extend inhibitory inputs. This mechanism depends on the activity of the LSO neuron itself and

is in contrast to other gain control mechanism [36] not regulated by higher level (feedback)

projections.

In their experiments with gerbils Magnusson and colleagues [18] applied the GABAb recep-

tor agonist Baclofen during sound stimulation and measured the response rate of single LSO

neurons. The application of Baclofen suppressed the response of the neuron compared to mea-

surements before application of the drug (Fig. 1 in [18]). To inspect the location of such inhibi-

tion the investigators conducted further in vitro experiments with brain stem slices. These

experiments confirmed that the inhibition takes place at the pre-synaptic connection by mod-

ulating the transmitter release. This leads to an attenuation of the connection strength and

facilitates a gain control mechanism. Our model implements such a mechanism by means of

an activity dependent reduction of excitatory and inhibitory input strength (see Eqs 2 and 3).

The following experiments investigate the effect of the retrograde GABA signaling and its

influence on stimulus history, by (i) systematically varying the effectiveness of the signal

imposed at the excitatory and inhibitory input, respectively, and (ii) by measuring the influ-

ence of a preceding adapter tone on consecutive stimuli, similar to [20] and [12].

GABA parameter strength. In their study [18], the authors report that the response curve

of an LSO neuron is shifted towards more positive ILD values for activated GABAb receptors

(as shown in Fig 3B). Two possible processes are conceivable that facilitate a shift of the

response function towards positive ILD values: one is an increasing effect of the inhibitory

input and therefore a greater suppression of the LSO neuron. However, GABAb is an inhibi-

tory receptor and it is therefore unlikely to enhance inputs. The second, more likely, process

suggests the suppression of the excitatory input which in turn leads to a greater influence of

the inhibitory input. As a consequence, the response function is shifted towards more positive

ILDs. The authors in [18] argued that the influence of the GABAb receptor activation at the

excitatory and inhibitory inputs of the neuron differs and has a stronger effect at the excitatory

projections.
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To verify their argument, we investigate the response of a model LSO neuron for an inverse

ratio of GABA receptor effectiveness (λE< λI). That is, we increase the effectiveness of GABA
inhibition at the inhibitory synaptic inputs and reduce it at the excitatory synaptic inputs. This

interaction leads to a more broadly tuned response function (see Fig 3A). This is contradictory

to neurophysiological findings where GABAb receptor activation leads to a finer tuning of the

response curve. For our model we can conclude that in order to exhibit similar responses as

measured in vitro, the effectiveness of GABA at the excitatory inputs needs to be stronger

(λE� λI). This is in line with results of in vitro experiments [18]. However, it is possible that

the neural system takes advantage of this effect to increase the perceivable range of the LSO

neuron (see Discussion for further details).

As shown in Fig 3A, GABA effectiveness at the inhibitory input needs to be stronger to

have the observed effect on LSO neurons (as presented in [18]). However, how much stronger

the effect of GABA at the inhibitory input compared to the excitatory input needs to be to

achieve an optimal adaptation to stimuli statistics is unknown.

Fig 3. Effectiveness of GABA receptor on LSO response. (A) Adaptation range of model LSO neuron for inverse GABAb receptor effectiveness.

Parameters λE and λI describe the inhibition effectiveness on excitatory and inhibitory inputs respectively. Normal (dark blue line) and shifted (light blue

line) responses are shown. For λE = λI = 0 the ILD response curve is the same as the default response (Fig 2B) and no dynamic adaptation process takes

place. For λE = 0.70 and λI = 1.0 (inverse ratio) the response curve’s slope and consequently its sensitivity is decreased while the dynamic coding range is

increased. (B) Adaptation range of model LSO neuron for increasing parameter values. Normal (dark blue line) and shifted (light blue line) responses are

shown. Again, for λE = λI = 0 the ILD response function is similar to the default response. Light blue area indicates the adaptation range. (C) Exhaustive

parameter evaluation of the GABA parameters λE, λI. Each point in the heat map indicates the coding precision value for a certain combination of λE
(abscissa) and λI (ordinate). We assume that the neuron’s task is to achieve a preferably high coding precision value. Black dots depict these values (the

maxima of the map). A linear function (dashed line) was fitted to those points and the slope (m = 0.80) and bias (b = − 0.06) calculated. (D) Influence of

model parameters κr and γr on the gain (left panel) and bias (right panel) of the linear regression.

https://doi.org/10.1371/journal.pcbi.1008020.g003
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Thus, experiment 2 explores the optimal ratio of the GABA inhibition efficacies on the

inputs. This is achieved by an exhaustive parameter evaluation in which it is assumed that an

optimal ratio entails maintaining a preferably high coding precision over the entire adaptation

range. The coding precision is a measurement index adapted from the standard separation [37,

38] between two stimulus values and is defined as the derivative of the neuron’s response

curve. Similar, the standard separation is defined by the difference of the firing rate of the two

stimuli divided by the geometric mean of their standard deviations (see [19, 20] for details).

For details on the introduced coding precision index relates to the standard separation index

under noise conditions see S3 Text.

High coding precision values indicate steep slopes in the response curve of the neuron

which, in turn, describe a high sensitivity of the neuron to changes in ILD values. Fig 3C

depicts coding precision values for all parameter combinations λE, λI 2 [0, 1]. Black dots indi-

cate peaks in the coding precision for given λE and λI values and create a straight line with

slope 0.80 and intercept −0.06 when linearly interpolated. These values are used as an indica-

tion for the GABA effectiveness on the inputs. We can conclude that the optimal ratio of

GABA effectiveness at excitatory and inhibitory inputs in terms of coding precision is 1 : 1.25.

Consequently, we choose model parameters in a way that the efficacy of GABA at the inhibi-

tory input is 1.25 as high as for the excitatory input (λE = λI � 1.25) with an initial offset of

δr = − 0.06.

Since values of model parameters κr and γr determine the ratio of GABA effectiveness, an

exhaustive parameter sweep for different combinations of κr and γr (see S2 Fig) has been inves-

tigated. The gain and bias values for highest precision values are calculated for each combina-

tion (Fig 3D) as described above. For higher values of γr the gain of the fitted line is increased

whereas a change in κr corresponds with a change in bias values.

The adaptation of the ILD response function for these parameters is depicted in Fig 3B. For

increasing parameter values the excitatory and inhibitory inputs are gradually inhibited which

consequently shifts the ILD response function (blue area). The values λE = 0.71 and λI = 0.50

indicate the maximally effective inhibition since for higher values the response function did

not shift further but remained constant. We take that as an indication for the maximal adapta-

tion range facilitated by this gain control mechanism.

Neural adaptation to stimulus history. The third experiment tests the effect of the intro-

duced gain control mechanism on localization quality. Previously conducted psychophysical

experiments indicate that human subjects adapt to the history of recently presented stimuli

[12, 20]. In a first study the human participants were tested with a 1s adapter tone of various

ILD, consisting of broadband noise and an average binaural level of 60dB, followed by a 100

ms target tone of a constant ILD value over time [20]. The participants then had to indicate,

in a two-alternative forced-choice task, whether the target sound was perceived on the left or

right side of the midline (0dB ILD). Results show that the perceived midline of participants

shifts in direction of the previously perceived adapter tone. The authors hypothesized that this

is due to the effect that the brain attempts to maintain high sensitivity for locations of high

stimulus density (here, the location of the previously perceived adapter tone). In addition, they

report a response adaptation of neurons in the inferior colliculus (IC) of ferrets stimulated

with a similar stimulus set as the human participants. Whether this adaptation process is con-

strained to IC neurons or takes place in a preceding processing stage, namely the LSO, was not

investigated in this study. However, another study investigated neurons in the medial superior

olive (MSO) for their adaptation capabilities to perceived sounds with different ITDs [39] and

found similar adaptation capabilities.

Likewise, Lingner and colleagues [12] presented human participants with three different

adapter tones (1s duration, 0 μs, -181.4 μs or 634.9 μs ITD) followed by a target tone with
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different ITDs ranging from -634.9 to + 634.9 μs. All presented sounds have a frequency of

200Hz. The authors reported a perceived shift of the target stimuli away from the adapter tone,

indicating that the perceptual auditory space around the adapter tone is widened, leading to a

higher sensitivity of sounds with ITDs similar to the adapter tone.

Taken together, the results of these studies demonstrate that the auditory system adapts

dynamically to ILD and ITD on a behavioral level and comprises retrograde GABA signaling

mechanisms in principal areas that process ITD and ILD information. However, whether LSO

neurons exploit their retrograde GABA signaling mechanism to adapt to ILDs of previously

perceived stimuli has not yet been shown. We hypothesize that this adaptation processes take

places at the level of the LSO by retrograde signaling of GABA receptors as described in [18].

To test this hypothesis, the following experiment investigates the effect of stimulus statistics on

model LSO neurons and their retrograde GABA signaling circuit. As in [20], an adapter tone

is presented that is followed by a stimulus of various input level intensities. We expect that a

preceding adapter tone activates the retrograde GABA circuit which attenuates the model’s

response magnitude of the subsequent stimuli, thus shifting the response of the LSO neuron

towards the ILD of the adapter tone. Note, that in contrast to the experiments in [20] we use

the same stimulus type for the adapter tone as well as for the test tone since the sole purpose of

the adapter tone is to activate the retrograde GABA signaling which is the case as long as the

tone is within tuning characteristics of the receptive field (characteristic frequency and level

difference) of the neuron.

The stimulus arrangement for this experiment is shown in Fig 4A. It comprises an adapter

tone of 1.2s with temporal ramps at the beginning and end of the sound followed by a 500ms
period of silence. Subsequently, the target stimulus is presented with a duration of 2s and an

ILD within the range as defined below. There are 41 adapter tones and 41 test stimuli of differ-

ent level intensities. Hence, a total number of 41 × 41 = 1681 unique stimulus arrangements

are presented to the model. The ILD of an adapter tone as well as a test stimulus ranges from

− 40dB to 40dB. Adapter tones are added and subtracted to the base line intensity of 20dB, on

the contra- and ipsilateral side, thereby creating ILDs of − 40dB and 40dB, respectively. For

example, an adapter tone of 0 ILD indicates a sound level of 20dB on both sides whereas nega-

tive adapter tone levels decrease the input level on the contralateral and increase it on the ipsi-

lateral side.

Responses of the LSO neuron model over time for three different adapter tone ILDs (40dB,

20dB, 0dB) and a constant test stimulus ILD of 40dB are shown in Fig 4B. This test setup corre-

sponds to a scenario in which the adapter tone source is varied between three different loca-

tions (approximately 90˚, 45˚and 0˚azimuth) on the ipsilateral side and the test stimulus is

located on the very far ipsilateral side (90˚azimuth). The preceding adapter stimulus activates

the retrograde GABA signaling circuit which subsequently attenuates the effectiveness of the

neuron’s inputs. The response to the adapter tone stimulus accurately follows the input to the

model. However, the response to the target stimulus (between 2000ms and 2500ms) is attenu-

ated based on the ILD of the preceding adapter tone. As a consequence, this adaptation is lead-

ing to a shift of the model’s response curve towards the ILD of the adapter tone, as depicted

in Fig 4C. Measurements of the neuron activity are taken 100ms after stimulus onset to mea-

sure the initial response of the neuron. This elapse time was chosen because after the initial

response the retrograde GABA circuit (pω) is affected by the more recent activity of the neuron

and the effect of the adapter tone vanishes. This is due to the time constant (τp) of the adaptive

term of the GABA circuit (see Eq 4). For adapter tones with negative ILDs, i.e. located at the

contralateral side, no adaptation takes place (the response is similar to the default response

of the neuron) since the adapter tone’s ILD does not evoke a considerable activation of the

GABA circuit of simulated neurons of the ipsilateral hemisphere. However, adapter tones with
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Fig 4. Adaptation of LSO neurons. Left column: stimuli and results of the adapter tone experiment 3. Right column: results of the timing experiment 4.

(A) input stimulus example for Experiment 4. The first ridge depicts the ILD of the adapter tone with a duration of 1.2s followed by a break of 500ms. The

second ridge shows the ILD of the actual test stimulus. Differently shaded areas illustrate different test stimulus ILDs for the same adapter tone. Grey

dashed line marks 0dB ILD. (B) Responses of model neuron to different adapter tone intensities. Blue 40dB, orange 20dB, green 0dB and constant test

stimulus intensity (40dB). The response of the neuron to an adapter tone sound level of 40dB (blue line) is maximal. However, the responses to the

consecutive test stimuli is reduced through adaptation i.e. the higher the ILD of the adapter tone the lower the response to the test stimulus. (C) Response of

a single LSO neuron to stimuli of constant ILD after the presentation of various adapter tone ILDs. Light blue dashed line depicts the response to a test

stimulus of ILD 40dB after presenting an adapter ILD of 0dB. Dark blue line draws the response to the same test stimulus after presenting an adapter ILD of

−40dB. No adaptation takes place and the response is similar to the default response of the neuron (compare Fig 2B). Light blue line draws the attenuated

response to the same test stimulus after presenting an adapter ILD of 40dB. (D) Responsiveness of LSO neuron for different ILDs over ITDs. The blue line

indicates the neuron response for 0dB level difference, the darker blue area shows possible responses for higher ILD values, whereas the light blue area

indicates possible responses for negative ILD values. The depicted ILD range is limited to −20dB and + 20dB for a clearer plot. Note the u-shape (dark blue)

and v-shape (light blue) response curves. (E) Neuron responses over various ITD and ILD values. (F) Adaptation range of model LSO neuron for various

ITDs of the input signals. Light blue line and corresponding filled area indicates model response for stimuli with positive ITDs. Dark blue area shows

responses for stimuli with negative ITDs. Area filled with blue is inferred from simulation results.

https://doi.org/10.1371/journal.pcbi.1008020.g004
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positive ILDs, i.e. located on the ipsilateral side, sufficiently excite the neuron to activate the

GABA circuit (increasing value of pω in membrane Eq 4). Consequently, such adapter tones

decrease the effectiveness of the inputs (by modulating the input weight kernels L
E� E
oo0

and L
E� I
oo0

of the excitatory (E − E) and inhibitory (E − I) inputs, respectively, see Eqs 2 and 3) which

leads to a response shift. In other words, the neuron’s response curve and consequently the

region with the steepest slope, thus highest sensitivity, shifts towards the adapter tone. This

leads to a higher sensitivity for consecutive sounds of the same ILD.

Neural dynamics together with their thresholds and retrograde inhibition are not the only

factors that can determine the neuron’s response behavior. Also stimulus latencies play a cru-

cial role [17, 40] as shown in the next experiment.

Timing

A binaural stimulus simultaneously creates a time and level difference of its sound signal at the

sensory level where the relationship between those two cues is monotone (considering broad-

band stimuli): Increasing the ITD of a stimulus monotonically decreases the ILD of this stimu-

lus and vice versa. For example, a sound source located at the ipsilateral side of the head pro-

duces not only a higher sound level but also a delay of signal arrival time at the contralateral

ear. The nature of ILD processing, that is the timed interaction of excitatory and inhibitory

inputs, already leads to an essential sensitivity to the arrival time of the inputs. Neurophysio-

logical studies support this in showing that neurons in the LSO are not merely responsive to

the level difference but are also sensitive to differences of arrival time of the excitatory and

inhibitory inputs [16, 17, 40, 41]. This phenomenon is called time-intensity trading of LSO

neurons [17, 31]. It describes that LSO neurons can trade the timing of an input with its inten-

sity, thus exhibiting responsiveness to ITDs of incoming signals.

To test to what extend the present model responds to stimuli with various ITDs, how this

leads to adaptation and to compare its adaptation effectiveness to the previous adaptation

mechanisms, experiment 4 has been designed. In this, we investigate the influence of signal

arrival time on model neurons response characteristics.

Network response of a model neuron for stimuli with varying ILDs over ITDs is depicted in

Fig 4D. A negative ITD refers to a sound source located on the ipsilateral side of the head, i.e.

it arrives at the ipsilateral side first and therefore leads to a delay of the contralateral signal.

The effectiveness of an inhibitory input on an excitatory input is decreased for larger time

delays between the two input signals, i.e. the excitatory input might be already processed

before the other arrives and vice versa. In concert with neurophysiological results, the response

of the model LSO neuron strongly depends on the ITD value of the incoming signal (see [16]

Fig. 3 for comparison). For ITDs around -600 μs the delayed arrival of the inhibitory input sig-

nal causes a reduction of its effectiveness on the response rate. Only inhibitory signals with

high level intensity generate a noticeable effect. In contrast, for ITDs around 200 μs the inhibi-

tory signal arrives even before the excitatory signal and leads to a-priori hyperpolarization of

the membrane potential. Thus, already low level inhibitory signals cause a reduction of the

response rate and lead to a small shift towards positive ILDs. This results in a U-shaped

response curve for positive ITD values and a V-shaped response curve for negative ITD values

as reported in [17].

As natural stimuli with negative ITDs essentially exhibit positive ILDs and vice versa, the

shift in the response rate indicates an adaptation towards more relevant input ranges. In other

words, the interaural time difference affects the sensitivity of the neuron for ILDs by means of

changing the inhibitory input effectiveness, thus the neuron exhibits time-intensity trading

[17, 31]. This effect is generated by an intrinsic adaptation mechanism caused by the statistics
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of the input stimuli and the neuronal transduction properties rather than via a dedicated

mechanism of neural computation.

In order to investigate the effect of this adaptation, Fig 4E depicts the response curves of a

simulated LSO neuron for stimuli with various ITD values over ILD. The outer boundaries of

the filled area indicate model responses to ITDs (-600 μs and 200 μs) for which the response

curve is shifted maximally and thus delimits maximal adaptation. For higher or lower ITDs

the response curve is shifted between those maximal values. The shift of the response is maxi-

mal 2dB for stimuli located at the far ipsilateral side and maximal 38dB for stimuli on the far

contralateral side. Shifting the response curve facilitates a higher sensitivity to changes in the

ILD of the input signal and indicates an adaptation to the perceived stimulus. The limited shift

towards positive ILDs results from maximal effectiveness of the inhibitory input. That is, the

inhibitory input leads to a maximal strength of the hyperpolarization for only a specific ITD

(in this case 200 μs). For stimuli with higher or lower ITDs the hyperpolarization effect van-

ishes. The larger extend of the rightward shift of the response curve results from a decreasing

effectiveness of the inhibitory input. This leads to a lowering of the activation threshold of the

neuron. The extend of the rightward shift depends on the intrinsic model parameters (com-

pare Fig 2C and 2D). For an ITD of -600 μs the inhibitory input signal arrives too late, no lon-

ger having a noticeable effect on the response. Hence, the neuron’s response curve solely

depends on the level intensity of the excitatory input signal (see Fig 4F for a detailed relation

between ITD and ILD responsiveness of LSO neurons).

The fact that loud signals are transmitted faster, i.e. they exhibit shorter transduction delays,

supports the shift of the response curve towards a more relevant range [17]. Since inputs to

model LSO neurons are modeled without considering the transduction of auditory nerve

fibres [42] or other lower areas of processing and information about the relative shift of arrival

time at the LSO for excitatory and inhibitory inputs is missing, we replicated the experiment of

[17] to determine such a latency of inputs. To achieve similar results as in their experiments,

level dependent changes of stimulus latency has been set to 10 μs/dB (see S3 Fig). Therefore,

we model the mechanism of transduction delays by advancing the onset of stimuli by 10 μs/dB
for the current experiment. Together with the increased membrane dynamics for high inten-

sity inputs [22] and the influence of ITD values on ILD encoding the response curve of a

model LSO neuron is shifted by 38dB for inputs with ITD values of −600 μs which leads to a

time-intensity trading value of 15 μs/dB.

Discussion

We introduced a conductance-based model simulating functions of LSO and MNTB neurons

for the encoding of ILD values. The model incorporates a novel synaptic modulation mecha-

nism that facilitates dynamic adaptation to stimulus statistics.

In Experiment 1, we demonstrated the effect of model parameters γr and κr on the response

behavior of a model neuron. Specifically we showed that the subtractive inhibition parameter

γr controls the response range of the neuron whereas the shunting inhibition parameter κr
determines the slope of the response. These findings indicate that the neuron’s membrane

dynamics need to comprise a balanced combination of subtractive and shunting inhibition in

order to cover a wide range of input ILDs while simultaneously maintaining a high sensitivity

(see S1 Fig). This is important for the adaptation of LSO neurons since it demonstrates that

the response curve of neurons can be controlled by the way the inhibitory input is integrated.

Therefore, we hypothesise that the retrograde GABA circuit might have different leverages on

the subtractive and divisive integration process of a neuron, respectively.
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The ratio between the effectiveness of GABAergic inhibition on the excitatory and inhibi-

tory inputs, respectively, is a crucial factor to ensure high coding precision of neurons as dem-

onstrated in Experiment 2. Only a higher effectiveness on the excitatory input than on the

inhibitory input leads to a response shift towards more relevant input range. As shown in Fig

3D this ratio strongly depends on model parameters κr and γr and is therefore depending on

whether the inhibitory inputs are shunting or subtractive. To achieve high coding precision

despite having small values of κr parameter, the ratio between excitatory and inhibitory GABA

effectiveness ought to be rather small (1 : 0.3). However, for high κr parameter values, the ratio

increases. The γr parameter values seem to have a minor influence.

Based on the results presented in Fig 3A, we propose that an inverse ratio of the GABA

receptor effectiveness, that is λE< λI, on the excitatory and inhibitory inputs, respectively, can

lead to an extension of the neuron’s response range. Simultaneously, it reduces its sensitivity

based on the coding precision index (derivative of the neuron’s response curve, high values

indicating high sensitivity of the neuron to changes in ILD values, see section GABA parame-

ter strength). Thus, we predict that such a ratio enables a single neuron to tune its response for

a wide range of input stimuli. However, adaptation always comes with a trade-off. In this case,

the trade-off is between the ability to respond to a wide range of stimuli and the achieved cod-

ing precision.

The two presented adaptation abilities of LSO neurons, namely synaptic GABA signaling

and sensitivity to ITD values (time-intensity trading), are very different in their underlying

principles, however, yield the same effect: adaptation of the response based on stimulus statis-

tics. To quantitatively assess the quality of the adaptation process, we introduced the coding

precision value. Based on this index we can now compare the two adaptation processes based

on their sensitivity gain and the extend of the response shift (see Fig 5). For influence of noisy

inputs on these adaptation processes see S7 Fig.

The adaptation induced by the retrograde GABA circuit leads to a shift of 6dB of the coding

precision maximum towards the ILD of the adapter tone, which corresponds to a gain in sensi-

tivity for ILDs close to the adapter. Particularly, the amplitude of the coding precision and

consequently the slope of the response curve at these ILDs is increased by at least 53% of its

original value, i.e. when no adaptation takes place. The presented coding precision values are

similar to the ones measured in gerbils (Fig. 8 in [20]) when presented with a similar adapter-

stimulus combination. In contrast, the adaptation induced by time-intensity trading of LSO

neurons (Experiment 4, blue lines) indicates a shift of 38dB towards the contralateral side and

gains 106% of its original sensitivity, which was basically 0 before.

In a recent study [19], the authors extended a commonly used monaural stimulus paradigm

to investigate dynamic range adaptation by a binaural version to probe the effect of such a

stimulus in the LSO. Since the applied monaural stimulus has been previously used to investi-

gate monaural adaptation of auditory nerve fibres [43–45] the authors could determine the

monaural contribution to the observed adaptation in the LSO. Thereby, derive the LSO spe-

cific adaptation capability. The results reported in [19] suggest that the gain control mecha-

nism of LSO neurons spreads the activity over a a population of neurons during adaptation

and therefore enhancing the coding efficiency and not necessarily the coding precision. Since

the stimulus paradigm applied in their study differed from the one in our adaptation experi-

ment (experiment 3), we can only partly compare the results. A major factor, that we believe

contributes to the differing results, is the applied ILD which is in 80% of the cases close to

20dB in their study but has a constant value of 40dB in our experiment. Thus, the activation of

the retrograde GABA signaling circuit is considerably stronger and leads to a higher suppres-

sion of consecutive stimuli. When an ILD of 20dB is applied in our experiment the results look

qualitatively similar to the ones presented in [19] (see S4 Fig). Furthermore, we demonstrated
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that the ratio of GABA effectiveness on the excitatory and inhibitory inputs can greatly influ-

ence the adaptation ability and the coding precision of a neuron. This variance in GABA ratios

between neurons in an LSO population might contribute to the different results.

The presented response shifts can be explained by a reduction or enhancement of the effec-

tiveness of the excitatory and inhibitory inputs depending on the underlying adaptation pro-

cesses. The reduction is achieved explicitly by inhibiting the excitatory and inhibitory inputs

through dynamic temporal adaptation of the weight kernelsL
E� E
oo0

andL
E� I
oo0

. As a consequence,

the operational range of the membrane potential (maximal value of rω) is reduced which leads

to a decreased activation (gr(rω)) of the neuron. In other words, for the same stimulus ILD the

neuron exhibits a lower activation level, hence the response over ILD is shifted. In contrast, the

enhancement is caused implicitly by a temporal delay of the inhibitory input signal which leads

to a reduced influence of this signal in the integration process with the excitatory input signal.

The difference in the maximum of the coding precision function between the adapted and

the non-adapted condition is due to the dynamics of the model neuron. If no adaptation takes

place the saturation of the membrane potential of the neuron is reached for an ILD of 40dB.

However, if the GABA circuit attenuates the effectiveness of the inputs, the saturation point

of the membrane potential is never reached. Hence, the neuron’s membrane potential is con-

stantly below the saturation point for all input ILDs and can not reach it’s default activation

level. In the case of temporally delayed input signals, the inhibitory input exerts less influence

which has a similar effect as increasing parameter values κr and γr (parameters to define the

Fig 5. Comparison of coding precision between GABA and ITD induced adaptation. Green lines indicate the coding precision of the adapter tone

experiment (no. 3). The peak of the coding precision curve is shifted by a maximum of 6dB for increased adapter tone intensity and gains an sensitivity

increment of 53%. Blue lines depict the coding precision of the timing experiment (no. 4). The peak of the coding precision curve is shifted by a maximum

of 38dB between stimuli of different ITDs. The increment of sensitivity for this shift is 106% but is dramatically decreased.

https://doi.org/10.1371/journal.pcbi.1008020.g005
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strength of the inhibitory influence). As can be seen in Fig 2C and 2D the change of the inhibi-

tory influence strength changes the slope of the response function. A decreased slope in the

ILD response functions leads to a lower amplitude of the coding precision function. Together,

the sensitivity to ITD and the retrograde GABA signaling circuit enable a flexible encoding of

auditory space and extend the input range of a neuron significantly (6dB + 38dB = 44dB).

The presented adaptation mechanism of retrograde GABA signaling on the example of

LSO neurons is very simplistic, thus, is likely to take place in other domains of signal integra-

tion as well. For example, neurons in the medial superior olive complex integrate ipsi- and

contralateral signals for ITD encoding and could profit from such an adaptation mechanism.

Short term synaptic plasticity is a commonly found property of neurons in various brain areas

[46, 47]. The introduced mechanism creates a canonical principal for synaptic adaptation and

therefore could account for various adaptation mechanisms in the brain [48, 49].

The first single cell model of LSO neurons was introduced by [50] and further investigated

in [51]. The authors introduced a detailed multi-compartment model of a LSO neuron which

explains its spiking behavior in particular its chopper response at stimulus onset. This response

behavior is of minor interest in the present study since we focused on the adaptation mecha-

nisms of LSO neurons and the consequent implications on improved encoding of auditory

space which was not the target of Zacksenhouse and colleagues in their studies. For a compre-

hensive review on other models of the LSO, see [52].

There are several properties of the auditory pathway that are currently not considered in

the design of this model, since we believe that these properties do not weaken its predictive

power. Nevertheless, we will discuss several of them below that could improve the model and

might be targeted in further investigations.

The inputs to the model originate from spherical and globular bushy cells in the ipsi- and

contralateral cochlear nucleus, respectively. In our model, we assumed that the characteristics

of these inputs are identical, both following the output of auditory nerve fibers of the ipsi- and

contralateral side, respectively. That is, the activation changes linearly with the log-intensity of

the input [23]. However, this might not necessarily be the case. Spherical bushy cells exhibit a

strong response at the onset of a stimulus before settling on a lower response rate for the rest

of the stimulus duration (“spike-frequency adaptation”) [33]. In contrast, globular bushy cells’

responses are almost identical to the auditory nerve input [53].

In this paper, we demonstrated how the sensitivity and range of ILD encoding in LSO neu-

rons can be explained by model parameters. Particularly, how different inhibition types (sub-

tractive and shunting) contribute to the response behavior of a model neuron. The neuron’s

responsiveness to temporal delays of its inputs indicates an inherent adaptation process which

maintains high sensitivity to incoming stimuli. Together with the retrograde GABA signaling

circuit, these adaptation mechanisms contribute to the high accuracy of ILD encoding in LSO

neurons over a wide range of input stimuli. We compared the coding precision of the two

adaptation mechanisms quantitatively and showed that an interplay between the two jointly

sensitizes the circuit to enable a response shift towards contra-lateral and ipsi-lateral stimuli,

respectively. Thereby a single model neuron can cover almost an entire hemisphere of auditory

space. In addition, it saves computational resources by reusing the same population of LSO

neurons for various ILD ranges. Most significantly, we proposed an optimal ratio between

GABA effectiveness on the excitatory and inhibitory inputs, respectively.
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S1 Text. ILD Computation. For calculating the ILD values of real
world stimuli we use the text book definition (e.g [1]) of ILD computation:

ILD = 10 ∗ log10
∫∞
t=0

s2l (t)∫∞
t=0

s2r(t)
(1)

where sl is the signal received at the left ear and sr is the signal received and
the right ear at time t.
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S2 Text Physiological neuron parameters.
The purpose of the presented model architecture is to capture dynamics

and adaptation of the system states to yield insights on neural circuitry
and functionality. However, to present the model in a physiologically more
realistic setting and to provide testable neurophysiological parameter values,
we modified Eq. (1) and Eq. (6) by incorporating membrane capacitance C
and leak reversal potential El. The core equations read

1

τ
·C·dVr

dt
= gl·(El−Vr)+(β−Vr)·

∑

ω′

srω′Λ̄E−E
ωω′ −(γ−κ∗(El−Vr))·

∑

ω′

gq(qω′)Λ̄E−I
ωω′

(1)
for LSO neurons and

1

τ
· C · dVq

dt
= gl · (El − Vq) + (β − Vq)

∑

ω′

sqω′Λ
I−E
ωω′ (2)

for MNTB neurons, respectively. Here, τ is the membrane time constant
and Vr and Vq the membrane voltage of LSO and MNBT model neurons,
respectively. With these equations, physiological neuron parameters are de-
rived. Values for these parameters are chosen according to neurophysiological
experiments [1, 2, 3] and are in line with other models of LSO neurons (see
[4]). Parameter γr and κr are chosen to fit default responses shown in Fig. 2:

Table 1: Model parameters

Neuron Model

τ 0.25 ms gl 26.4 nS
El -60 mV C 24 pF
γr 4 · 10−8 κr 12 · 10−7

Applying these model equations we repeat experiment 1 and demonstrate
that the response behavior is similar to our model notation (see S5 Fig B).
Model inputs are now in range 0−500pA (see S5 Fig A). Influence of param-
eter values gammar and kappar (see S5 Fig C,D) are similar to our model
notation.
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S3 Text Influence of noise on coding precision.
The standard separation index [1] between two stimuli is calculated by

dividing the difference in firing rates by the geometric mean of the standard
deviation of their firing rates over trials. The presented model has no internal
noise source, thus fixed inputs will result in identical model responses. Trial-
to-trial variability can be achieved by adding noise to model inputs. Here,
we demonstrate that adding noise to model inputs does not substantially
influence the coding precision values when repeated measurements are taken,
i.e. over trials our coding precision index is similar to the standard separation
(see S6 Fig). The difference in the graphs results from the calculated standard
deviation values. However, these values do not depend on the model itself
but on the standard deviation of the incorporated noise source. The noise
source is Gaussian white noise with σ = 0.05 and mean continuously centered
on the input value, that is s

{r,q}
ω (t) = N (s

{r,q}
ω (t), σ).

To demonstrate that noisy inputs do not substantially change the results
of the adaptation and timing experiment (3,4), we regenerate Fig. 5 for noisy
inputs and averaged the responses over trials (25 for timing experiment and
100 for adaptation experiment). For each measurement we calculate the
standard separation index (see S7 Fig).

We introduced the coding precision index to calculate the difference in
response between two stimuli without considering a noise model. From the
results generated with the model that is extended with a noise source we con-
clude that the noiseless index calculation does not substantially differ from
the separation index and is sufficient to provide a means to quantify the cod-
ing precision of model neurons. The marginal differences in the adaptation
values (percentage and dB) result from the noisy inputs and do not change
the explanatory power of the conducted experiments.
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S4 Text Additional experiments

Point of Complete Inhibition Park and colleagues [1] investigated prop-
erties of neurons in the LSO complex that facilitate the wide variability of
ILD responses. The authors presented stimuli of different intensities to mus-
tache bast and measured the response of individual LSO neurons. They
reported that a reliable factor to compare the response behavior between
neurons is the ILD of complete inhibition (PCI) which remains constant for
a single LSO neuron but varies significantly from cell to cell (see [1] Fig.
3). That is, the slope and maximum saturation value might differ depending
on the presented stimuli level, whereas the point for which the LSO neuron
is completely deactivated remains constant over different input intensities.
Therefore, it can serve as a unique index to describe the neuron’s response
characteristic. To compare their findings with results of the present model,
Fig. A shows the model response to similar stimuli. That is, a signal of
constant level intensity is presented on the ipsilateral side (as noted in the
legend) and a signal of consecutively increasing level intensity is presented on
the contralateral side. The response of a model neuron varies with varying
input intensities but the point of complete inhibition remains constant. This
result also confirms the threshold hypothesis of Reed and Blum [2], which
states that the difference of thresholds for excitatory and inhibitory input
corresponds with the point of complete inhibition. That is, the effectiveness
of the excitatory and inhibitory inputs on a neuron’s dynamics determine its
point of complete inhibition.
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Figure A: Point of complete inhibition (A) Neuron response for different
ipsilateral input intensities over contralateral input intensities as in [1] their
Fig. 3. (B) Summary of results in the standard ILD plot. Different colors
indicate various ipsilateral input intensities.
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S1 Fig. Parameter influence on coding precision.
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Parameter influence on coding precision. Dashed blue lines indicate
the coding precision of the model response for changing κr parameter. For in-
creasing parameter value the coding precision increases while simultaneously
the response range decreases (the ILDs that the model exhibits a response).
Solid blue lines indicate the coding precision of the model response for chang-
ing γr parameter. For increasing parameter value the coding precision and
extensions of the response range remains almost constant. However the re-
sponse range itself shifts from negative to positive ILD values. A proper ratio
of the two parameters facilitates a balance between high coding precision and
response range.
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S2 Fig. Parameter sweep for GABA ratio.

Parameter influence on GABA ratio Head map plots for different com-
binations of model parameter κr and γr values are shown. Each plot depicts
an exhaustive parameter evaluation of the GABA parameters λE, λI . Each
point in the heat map indicates the coding precision value for a certain com-
bination of λE (abscissa) and λI (ordinate). We assumed that the neuron’s
task is to achieve a preferably high coding precision value. Black dots depict
these values (the maxima of the map). A linear function (dashed line) was
fitted to those points (linear regression) and the slope and bias calculated.
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S3 Fig. Time-intensity trading experiment Park et al. 1996.

Time-intensity trading of LSO neurons. Figure shows simulation result
for time-intensity trading experiment similar to [1]. To achieve similar re-
sults the model parameters needed to be changed to γ = 10 and κ = 0. This
change of parameters is reasonable, since the effectiveness of the inhibitory
inputs might differ from neuron to neuron [2, 3]. The ipsilateral stimulus
intensity was fixed to 35dB, whereas the contralateral input intensity varied
between 0dB and 40dB thus creating similar ILD values as in the experiment
of [1]. The duration of a single stimulus was set to 300 µs. To achieve quali-
tatively similar results as the authors (compare their Fig. 3) we choose the
time-intensity value of the arrival times of the model inputs to be 10µs/dB.
We use this value for the timing experiment (no. 4) to adapt the arrival time
of inputs.
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S4 Fig. Adaptation to lower adapter tone levels.

Adaptation to lower adapter tone levels. Same stimulus paradigm as
in experiment no. 3 (Fig. 4B) except that the adaptor tone intensity was
limited to range −20dB and +20dB, which is similar to the highest ILD
value used in [1]. (A) the maximum adaptation range decreases and so does
the coding precision value (B) which creates qualitatively similar results to
then one Gleiss and colleagues found ([1] compare their Fig. 4).
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S5 Fig. Model behavior for physiological neuron parameters.
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Model behavior for physiological neuron parameters. (A) Current
input to model neuron in range 0 to 500pA. Red line shows excitatory input
from cells of the ipsilateral cochlear nucleus to LSO neurons. Blue line shows
excitatory input from cells of the contralateral cochlear nucleus to MNTB
neurons which are converted to inhibitory input to LSO neurons. Vertical
grey dashed lines indicate measurement points of neuron’s response. (B)
Model response of an LSO neuron for a chosen set of parameter values. Blue
line shows the response rate of a single LSO neuron to stimuli as presented
in (A) over interaural level difference. Inset shows membrane potentials
in mV for LSO (red) and MNTB (blue) neurons. (C,D) Model response
for parameter values γr and κr, respectively. (C) Parameter values of γr
are varied in range [0.0, 7.5 · 10−8] which control the strength of subtractive
inhibition. (D) Model responses for different κr values in range [0.0, 5.0·10−6]
that regulates the effect of shunting inhibition on the membrane potential.
Filled areas are approximated from simulation results.
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S6 Fig. Influence of noise on coding precision.

A

B

Influence of noise on coding precision. (A) Mean model response over
250 trials (blue line). Black bars indicate standard deviation for each mea-
suring point. Inset shows noise influence on membrane potential over time.
(B) Coding precision index (solid blue line, difference between neighboring
measurements from (A)) and the standard separation index (dotted Orange
line, difference between neighboring measurements from (A) divided by the
geometric mean of their standard deviations) is shown. The difference be-
tween the two curves neglectable.
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S7 Fig. Standard separation index.
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Standard separation index. Standard separation index for experiment
3, adapter tone experiment (green lines) and 4, timing experiment (blue
lines). The peak of the green curve is shifted by a maximum of 6dB for
increased adapter tone intensity and gains an sensitivity increment of 52%,
compared to 6dB shift and sensitivity increment of 53% for no noise inputs
(compare Fig. 5). The peak of the blue curve is shifted by a maximum of
32dB, compared to 38dB between stimuli of different ITDs. The increment
of sensitivity for this shift is 101%, compared to 106%.
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Abstract

Early studies have shown that the localization of a sound source in the vertical plane
can be accomplished with only a single ear, thus assumed the localization to be based
on monaural cues. Such cues are induced by the pinna and consist of notches and peaks
in the perceived spectrum which vary systematically with the elevation of sound sources.
This process poses several problems to the auditory system like identifying and
extracting spectral cues on a neural level, as well as, distinguishing pinna induced peaks
and notches from features already present in the source spectrum. Interestingly, at the
stage of elevation estimate binaural information from both ears is already available and
it seems plausible that the auditory system takes advantage of this information.
Especially, since such a binaural integration can improve the localization performance
dramatically as we demonstrate in this stuidy with a computational model of binaural
signal integration for sound source localization in the vertical plane. In line with
previous findings of vertical localization, modeling results show that the auditory
system can perform monaural as well as binaural sound source localization. This task is
facilitated by a previously learned map of elevation spectra based on binaural signals.
Binaural localization is by far more accurate than monaural localization, however, when
prior information about the perceived sound is integrated localization performance is
restored. Thus, we propose that elevation estimation of sound sources is facilitated by
an early binaural signal integration and can incorporate sound type specific prior
information for higher accuracy.

Introduction 1

Audition is our only far-reaching, 360◦ sensory system. It allows us to sense threats 2

outside of our visual field, thus providing a crucial factor for survival. The estimate of 3

such a sensation is astonishingly accurate and we are able to infer not just the type of 4

the object but also its distance and location. All such information is derived from tiny 5

vibrations on the eardrum, created by incoming sound waves. 6

Such an ability requires extensive neural computations along the auditory pathway 7

which transform oscillations of the eardrum (tonotopic representation of the stimulus) 8

to, e.g., comprehensible speech (phonetic representation [12,29]) or spatial information 9

about the location of a sound source (topographic representation [4, 9]). In order to 10

transform tonotopic inputs of sounds to a topographic representation of space, the 11

auditory system extracts three major cues from a sound signal created by the distance 12
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between the ears, their shape and the shadow of the head. The distance between the 13

ears creates an interaural time difference (ITD) between the signal arriving time at the 14

left and right ear [56]. Together with the interaural level difference (ILD), created by 15

the attenuation of sounds by the head [45], these two cues provide a means for 16

localization of sounds in the horizontal plane. However, for sounds on the median plane 17

or on the cone-of-confusion [49] these cues provide ambiguous signals. To resolve this 18

ambiguity and to accurately localize sounds in the vertical plane the auditory system 19

exploits direction-dependent changes in the perceived frequency spectrum which are 20

induced by the shape of the shoulders, head and ear (see Fig. 1 A) [24,36]. These so 21

called spectral cues are characterized by Head Related Transfer Functions 22

(HRTFs) [3, 5, 14,34,46,54,57] and extracting them from the sensory input is not 23

straight forward. The spectra of every day sounds are very different to each other which 24

results in very different spectra at the sensory input level. This poses several problems 25

for elevation estimation: 26

• At the level of the eardrum the perceived sound spectrum has already been 27

filtered with the elevation-dependent HRTF but, in principle, the auditory system 28

has no indication which of the spectral cues were induced by the HRTF or were 29

already present in the source spectrum. Thus, the estimation of sound source 30

elevation is an ill-posed problem [25,26]. This becomes apparent when looking at 31

the spectra of different sounds (see Fig. 1 B). It is difficult to identify the fine 32

structure imposed by the HRTFs and extracting spectral cues from such highly 33

variable input signals for learning is challenging. One would like to have a 34

mechanism that separates the sound type specific spectral content from the HRTF 35

induced modulations, thus leaving only the HRTF dependent frequency cues. 36

Some computational models tried to solve such a problem by making the 37

assumption of known spectrum of the sound source (a prior) [38], local constancy 38

of sound spectrum [60], broadband and sufficiently flat source spectrum [33] or 39

comparison of left and right input signals [27]. 40

Figure 1. Head-Related Transfer Function A HRTFs for CIPIC 1subject no. 10
as a function over elevations. Different colors indicate the energy content. Direction
dependent changes in energy content is most prominent above 4kHz (red box). B
Elevation spectra maps of six different natural sounds after being filtered with the HRTF
of A.

• Another issue in vertical sound source localization is the role of binaural 41

integration. Early localization experiments demonstrated that participants are 42

able to localize sounds with only one ear [51] and that the ability to localize 43

sounds with one or two ears is similar. These findings lead to the conclusion that 44

1”CIPIC HRTF Database is a public-domain database of high-spatial-resolution HRTF measurements
for 45 different subjects” [1]
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vertical sound localization is monaural [21]. However, by using virtual sound 45

sources provided over headphones Wightman et al. in a later study [57] 46

questioned the monaural localization paradigm applied in most previous 47

experiments including their own. Their findings demonstrate that localization is 48

effectively degraded under monaural listening conditions. A later study confirmed 49

that both ears contribute to the perception of elevation [35], thus supporting the 50

hypothesis that binaural integration underlies the processing of elevation features 51

in sound spectra. 52

• When such an integration takes place is still unclear. Hofman et al. [23] first 53

described different schemes for elevation estimation. Based on their findings they 54

hypothesized that a weighted integration step needs to be employed for the signal 55

from the left and right ear to derive a single estimate of elevation. Whether this 56

integration step already takes place before the spectral-mapping or after was 57

unclear. Later on, the authors tried to answer this question in another 58

experiment [55] but the results are ambiguous and the authors were not able to 59

derive a conclusion. 60

The difficulty of separating HRTFs from the source spectrum, the contradicting 61

results for monaural and binaural sound source localization [21,57], and the unclear 62

integration order of signals from the left and right ear [23] raise the question of how the 63

auditory system processes sound signals on a neural level to learn a representative 64

template of HRTFs in order to generate a stable and unique perception of source 65

elevation estimates. 66

Here, we propose a model architecture of sound source localization in the median 67

plane that extracts elevation specific cues by integrating signals from both ears and 68

learning a sound type specific prior. The binaural integration in this architecture leads 69

to a sound type independent representation of HRTFs, thus regularizing the ill-posed 70

problem of elevation estimation. Based on such signals the architecture reliably localizes 71

binaural sound sources but struggles with monaural input signals. By integrating 72

additional sound type specific prior information for elevation estimation, the 73

architecture becomes able to localize monaural sound signals. We first implement this 74

architecture in an arithmetic model and conduct several experiments. Second, we 75

provide a neural network implementation that demonstrates biological plausibility. 76

Based on the simulation results, we suggest that elevation estimation is a binaural 77

process but can deal with monaural inputs if the sound has previously been learned. 78

In the following simulation experiments we demonstrate that the architecture is 79

capable of localizing binaural sounds based on a learned map of elevation spectra. Most 80

significantly, the very same map of elevation spectra facilitates localization for monaural 81

sounds given there is available prior information of this sound. In particular, results 82

show that prior information constantly improves localization performance. 83

Results 84

In this chapter, we introduce the overall model architecture in the first section. and 85

demonstrate its localization performance under different conditions (second and third 86

section). The results of these sections are based on a arithmetic model implementation 87

of the architecture (see Arithmetic Model for details). In a fourth section, we introduce 88

a neural network implementation of the architecture (see Neural Model for details) and 89

demonstrate its localization performance. 90
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Brief description of the model architecture 91

The model architecture consists of four basic processing layers (see Fig. 2). The first 92

layer normalizes ipsi- and contralateral inputs (I), respectively. The resulting signals 93

from the two sides are integrated in the second layer (II). A third layer averages over all 94

input signals thus learning a map of elevation spectra (III). In layer four (IV), perceived 95

signals are compared to this learned map via cross-correlation (see [25] for details) to 96

estimate the elevation of the sound source. 97

The normalization layer of neurons receives a frequency signal of the sound signal, 98

provided by a gammatone-filter bank [43] of the ipsi- and contralateral input signals, as 99

an input and performs a divisive normalization with a Gaussian-filtered version of it 100

self [8, 22]. This normalization already provides signals with prominent spectral cues. 101

Averaging these signals over all perceived elevations leads to a sound type specific prior 102

which is in some conditions used for map learning and to improve localization of 103

monaural and binaural sounds. In the binaural integration layer, the normalized signals 104

from the ipsi- and contralateral side are integrated (by a division) to provide a binaural 105

signal. In the last layer of the model, a cross-correlation of the perceived, filtered sound 106

signal with a previously learned map is calculated and the elevation with maximum 107

correlation value is chosen as the elevation estimate (similar to [25]). For more details 108

on model implementation see Methods. 109

Figure 2. Model Architecture Each sound that is presented to the model is first
filtered by a subject’s HRTF of different elevations for the left (HRTFL(ε, f)) and
right ear HRTFR(ε, f), respectively. The resulting signals are filtered by a Gaussian
normalization step (I). Then, if available, prior information is integrated, separately
for the left and right ear. The binaural integration step (II) combines the signal form
the left and right ear. Each perceived signal of all presented sound types contributes to
build a learned map of elevation spectra (III) for later cross-correlation with a perceived
sound to computed an elevation estimate ε∗ (IV).

We found that this simple model of elevation perception can account for typical 110

human behavior [21,30,35] of auditory elevation perception and predicts that the 111

underlying localization process is fundamentally binaural with the ability to localize 112

monaural sounds when integrating prior information. 113

To investigate the performance and validity of our model we used HRTFs of 45 114

subjects from the CIPIC database [1] and presented each with 20 different natural sound 115

types (signal-to-noise ratio 5 : 1), originating from 25 different elevations ([−45◦, 90◦] in 116

5.625◦ steps according to CIPIC database recordings [1]). All presented sound types are 117

averaged for each participant to create a learned map of spectral elevations. This map is 118

used for the cross-correlation step in layer IV with a perceived probing signal which is 119

randomly chosen from one of the previously presented sound types and elevations. The 120

resulting elevation estimate is compared to the actual elevation of the presented sound. 121

Consequently, for each participant a linear regression analysis is performed on this data 122

which provides a response gain (accuracy), bias (spatial bias) and precision (coefficient 123
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of determination). Four conditions are tested to demonstrate the advantage of binaural 124

signal integration and prior information on localization performance: 125

i.) In the monaural condition, the binaural integration layer is skipped and pure, 126

normalized monaural signals are presented to the model for localization. 127

ii.) These monaural signals are combined with the previously learned sound type 128

specific prior in the monaural prior condition. 129

iii.) In the binaural condition the binaural integration layer remains active and the 130

elevation estimation is calculated based on the output of this layer. 131

iv.) The binaural prior condition combines these binaural signals with prior 132

information before the cross-correlation with the learned map is performed. 133

A binaurally learned map can account for binaural as well as 134

monaural sound source localization 135

Experimental results demonstrate that humans can localize sounds with just a single 136

ear [21,51]. Based on these results, the common assumption for human vertical sound 137

source localization is that it is fundamentally monaural. That is, localization is 138

separately initialized for the left and right ear, respectively, and the two elevation 139

estimates are integrated for a single estimate [25]. We conduct a first experiment in 140

which we question this assumption by demonstrating that when a combined binaural 141

map for the left and right ear is learned, monaural sound source localization is still 142

possible. 143

Here, we show that a binaurally learned map of elevation spectra can account for 144

sound source localization under binaural and monaural conditions, given prior 145

information for monaural sound signals is available. Thereby, such learned maps can 146

account for experimental results with binaural and monaural listing conditions. 147

Simulation results for a single participant (CIPIC HRIR no.8) are shown in Fig. 3A 148

when a binaural map with integrated prior information is learned. Pure monaural 149

sounds (ipsilateral ear, left panel) are basically not localizable (gain: 0.35, bias: 4.97, 150

score: 0.11). Surprisingly, when such monaural sounds are combined with a previously 151

learned sound type specific prior (middle left panel), the localization quality increases 152

dramatically (gain: 0.78, bias: 6.47, score: 0.60), thus localization ability is restored. 153

Localization performance for sounds that are presented binaurally with (middle right 154

panel) and without (right panel) integrating prior information is almost perfect (gain: 155

0.84, bias: 0.09, score: 0.75 and gain: 0.94, bias: 1.21, score: 0.91, respectively). Such 156

good performance in these conditions is expected since the learned map is constructed 157

based on these binaural sounds integrating prior information. 158

When averaging localization quality over all participants (all 45 HRIRs from CIPIC 159

database) the initial trend remains Fig. 3B. That is, localization of monaural sounds is 160

basically non-existing (left panel, gain: 0.25, bias: 8.95, score: 0.06) but improves 161

tremendously when prior information is integrated (middle left panel, gain: 0.70, bias: 162

5.14, score: 0.51). Again, localization performance for binaural sounds and binaural 163

sounds integrating prior information remains stable (gain: 0.82, bias: 2.90, score: 0.69 164

and gain: 0.93, bias: 1.58, score: 0.89, respectively). 165

These results demonstrate that a binaural map of elevation spectra supports the 166

localization of monaural sounds integrating prior information but is unable to localize 167

pure monaural sounds, since their spectral information differs greatly from the learned 168

spectra (see supplementary Fig. S1). This is a strong indication for the existence of a 169

binaurally learned map. 170
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(a) A

(b) B

Figure 3. Elevation estimation results. Model estimates for all presented elevations
and all sound types. X-axis indicates the elevation of the presented sound. Y-axis is
the model elevation estimate for a sound. Pure monaural sounds are presented in left
panel. Middle-left panel shows model estimate for monaural sounds integrating prior
information. Pure binaural sounds are presented in middle-right panel. Right panel
depicts model estimate for binaural sounds integrating prior information. A Model
estimates for a single participant (no. 8 CIPIC). Each dot represents one sound source
elevation with color indicating sound type. B Calculated regression lines for different
participants in the CIPIC database are shown (colored lines). Black lines are calculated
by averaging over all colored lines to achieve averaged estimation values. Regression
values are shown in inset box.

Localization quality for differently learned maps 171

In the previous experiment a binaural map is learned to localize sounds signals of 172

various types. Hofman and colleagues [23] described different possibilities of how a 173

unique perception of signal elevation from the two ears might be achieved. They 174

hypothesize two different schemes for elevation perception: the spatial weighting scheme 175

and the spectral weighting scheme (see [23], their Fig. 7). The spectral weighting 176

scheme is similar to our binaural integration model with a binaurally learned map, 177

whereas the spatial weighting scheme would correspond to our model when a monaural 178

map is learned. 179

In a second experiment, we investigate which of the proposed schemes for map 180

learning and utilization of priors is more plausible. Thereby, we validate our results of 181

the previous experiment. Here, we test the localization quality of participants when the 182

learned map is based on different signals (i.e. monaural, monaural-prior, binaural, 183

binaural-prior, different rows in Fig. 4) and demonstrate that a binaural map with sound 184

type specific prior integration produces the best localization results (Fig. 4 last row). 185

Our investigations show that when the learned map of elevation spectra is based of 186

pure monaural input signals, localization performance is best for monaural signals 187

integrated with the sound type specific prior (gain: 0.91, bias: 0.72, score: 0.87). 188

Surprisingly, these sound signals are even better to localize than pure monaural signals 189

(the basis for the map, gain: 0.52, bias: 12.76, score: 0.27). This demonstrates the 190
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benefit of the integration of sound type specific prior information. This advantage of 191

prior integration can be also seen in the binaural sound conditions. For pure binaural 192

sounds the localization performance is worse compared to binaural signals integrating 193

prior information (gain: 0.42, bias: 3.76, score: 0.24 and gain: 0.57, bias: 2.71, score: 194

0.42, respectively). Here, the binaural prior condition even outperforms the pure 195

monaural condition, which is surprising since binaural signals differ substantially from 196

monaural signals (see supplementary Fig. S1). 197

Taken together, these simulation results demonstrate that a pure monaural map is 198

not sufficient to localize pure monaural sounds (Fig. 4, first row, first column). Prior 199

information is required to localize sounds in monaural and binaural conditions. Even if 200

this prior information is integrated in the learned map (Fig. 4, second row), localization 201

of pure monaural sounds is difficult and again prior information of the input signals is 202

crucial. However, if the learned map is based on binaural signals with or without the 203

integration of prior information (Fig. 4, third and fourth row, respectively) localization 204

performance for each condition except the pure monaural condition is close to optimal. 205

Thus, we hypothesize that elevation estimation is essentially based on binaural signals 206

but can deal with monaural signals when prior information of such signals is available. 207

Furthermore, these results demonstrate that prior information of sounds consistently 208

improves localization performance of sound sources. 209

Neural network model 210

To demonstrate the biological plausibility of the architecture, we implement it in a 211

neural network model and investigate its performance on localizing sound sources, 212

similar to experiment one. In this implementation, a single compartment model is 213

employed to describe the membrane potential, or activity, of neurons. We define such 214

activities according to a leaky integrator equation that models membrane potential 215

dynamics with the membrane current as the sum of excitatory, inhibitory, and leak 216

conductances [11,16,28] (see Methods for details). The neuron populations are 217

implemented and connected with each other according to the different layers presented 218

in the arithmetic model. In the following experiment the signal-to-noise ratio is set to 0. 219

For this third experiment, the localization performance for all participants from the 220

CIPIC database is presented in Fig. 5. Even though different in the linear regression 221

values the overall trend of the localization quality in the different conditions is similar 222

to the arithmetic model. Pure monaural sounds (ispilateral ear, left panel) are basically 223

not localizable (gain: 0.28, bias: 2.89, score: 0.09). When combined with prior 224

information such monaural sounds (middle left panel) the localization quality increases 225

(gain: 0.40, bias: 1.29, score: 0.19). For binaurally presented sounds the localization 226

performance is again improved (gain: 0.67, bias: −1.82, score: 0.51) and for binaural 227

sounds integrating prior information the localization performance is close to the 228

arithmetic model (gain: 0.87, bias: −0.76, score: 0.81). 229

Discussion 230

In this study we presented an architecture for vertical sound source localization and 231

present simulation results that indicate that binaural signal integration can solve the 232

ill-posed problem of vertical sound source localization. These results demonstrate that 233

integrating signals form the left and right ear improves localization of sounds. If only 234

monaural signals are available, as tested in several behavioural experiments [58], sound 235

source localization remains difficult. However, when monaural sound type specific prior 236

information is integrated, localization performance of monaural sounds is restored. 237
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Figure 4. Estimation results over differently learned maps. Each column
depicts localization results of the model for the different conditions, similar to Fig. 3.
In each row the learned map which is used to compare perceived sounds to, is learned
based on different signals. In the first row, the map is based on pure monaural sounds.
Monaural sounds integrating prior information are used to build the learned map for
the second row. In the third row, the map is based on pure binaural sounds. Binaural
sounds integrating prior information are used to build the learned map for the fourth
row.

Implications on the current view of vertical sound source localization Our 238

findings are in contrast to the results of [21], in which the authors presented 239

participants with white noise and presumably unfamiliar filtered noise to test the 240

localization performance under monaural and binaural conditions for known and 241

unknown sounds, respectively. Their results indicate that, the additional binaural 242

information in the binaural condition does not improve localization performance and 243

that known and unknown sounds are localized equally well. Our results clearly indicate 244

that unknown sounds are basically impossible to localize under monaural conditions. 245

Thus, we believe that the behavioral results of [21] are misleading because of two major 246

factors: The method to occlude one ear might not be sufficient, as already pointed out 247

by [58], to ensure pure monaural information. The findings of Wightman and 248

colleagues [58] questioned the results of several previous experiments on monaural 249

localization performance and demonstrated that when participants are presented with a 250
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Figure 5. Neural Network Elevation Estimates. Model estimates for a single
participant (no. 8 CIPIC). Calculated regression lines for different participants in the
CIPIC database are shown (colored lines). Black lines are calculated by averaging over
all colored lines to achieve averaged estimation values. X-axis indicates the elevation
of the presented sound. Y-axis is the model elevation estimate for a sound. Pure
monaural sounds are presented in left panel. Middle-left panel shows model estimate for
monaural sounds integrating prior information. Pure binaural sounds are presented in
middle-right panel. Right panel depicts model estimate for binaural sounds integrating
prior information. Regression values are shown in inset box.

pure monaural signal over headphones, localization is basically not possible. The 251

authors suggested that in previous experiments with contradicting results, the occlusion 252

of one ear was not sufficient to block all informative signals or that small head 253

movements have been used to localize a sound. This is inline with our results from the 254

first experiment which demonstrates that localization is essentially eliminated for 255

monaural sounds without integrating any further information. The second factor is the 256

choice of the unknown sound, which is a filtered white noise stimulus with random 257

peaks and notches similar to the ones provided by the HRTF. However, such a white 258

noise stimulus is not necessarily an unknown sound but might merely lead to a 259

confusion between sounds from different elevations. 260

In order to test this prediction, we are planning on implementing a new behavioral 261

experiment that avoids these two factors by providing virtual sounds over headphones 262

and applying a stimuli which is indeed unknown. If our model predictions hold true, 263

unknown monaural sounds will be very difficult to localize. Though, unknown binaural 264

sounds should be localized accurately and quickly. 265

Hofman and van Opstal [23] already suggested that the elevation estimation is 266

facilitated by a binaural interaction of the left and right ear. They introduced two 267

conceptual schemes for this interaction, the spatial and spectral weighting scheme (see 268

second experiment). However, it is still unclear which of these schemes is applied [55]. 269

Our model architecture and results from the second experiment demonstrate that 270

binaural integration is most likely taking place before the computation of an elevation 271

estimate (spatial mapping stage), since it enables the system to extract unique elevation 272

dependent cues and remove unnecessary source spectrum induced spectral information. 273

The process of binaural signal integration is an integral part of horizontal sound 274

source localization and provides cues like interaural level or time difference. The 275

fundamental principles used for the computation of these two cues are similar and are 276

based on the integration of excitatory inputs from the ipsilateral side and inhibitory 277

input signals from the contralateral side [6, 18,19,59]. It is therefore plausible that the 278

process of binaural integration, as shown in our model, is adopted to provide distinct 279

cues for vertical sound sources. 280

Prior Information Another major finding of our model is that the integration of 281

sound type specific prior information facilitates monaural sound source localization as 282

well as it improves binaural localization performance. By learning sound type specific 283
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prior information, which consists of the mean frequency components over elevations, 284

localization performances for all conditions are improved (see Fig. 4). In our model, we 285

assume that this prior information is learned in higher layers of auditory processing, 286

which are able to identify a sound or at least categorize it [2, 20]. Consequently, these 287

layers presumably provide such prior information by feedback connections to lower 288

sensory processing areas like the inferior colliculus [32,44,48]. If this is the case one 289

could measure a difference in localization speed between monaural and binaural sounds, 290

since monaural sounds can be localized only after they have been categorized in a higher 291

layer and a feedback signal has been sent back to the sensory layer. Nevertheless, 292

binaural signals can be localized immediately without the use of prior information, the 293

prior information just increases accuracy. 294

Neural implementation In a last experiment we introduced a neural 295

implementation of the presented architecture, that implements different neuron 296

populations and interactions of excitatory and inhibitory signals among them to 297

replicate computations of the arithmetic model in a biologically plausible fashion. 298

In [37] the authors investigated typical responses of neurons in the dorsal cochlear 299

nucleus to stimuli with spectral notches and discovered that these neurons already show 300

a sensitivity to spectral notches. Our proposed model is similar to their type II and 301

type IV neurons in a sense that it receives excitatory inputs from the best frequency of 302

a neuron and inhibitory inputs from neighbouring frequency bands (wide-band 303

inhibition, see Fig. 6). Similar investigations of the inferior colliculus have found 304

neurons that specialized in processing directional dependent features of the HRTF [10]. 305

Our neural model follows these findings and additionally, assumes inhibitory input to 306

neurons in the inferior colliculus from the contralateral side to enable binaural 307

integration. Such connections have been shown to exist [48]. The fact that in our neural 308

model identical neuron parameters are used for all participants demonstrates on the one 309

hand the robustness of the model. On the other hand it provides an option to improve 310

the performance by tuning the neuron parameters specifically for each participant. 311

In addition to these experimental results, the structure of the model also provides a 312

hint on when the integration of the signals from the left and right ear are integrated. 313

Therefore, the proposed architecture for binaural integration offers an excellent basis for 314

understanding vertical sound source localization and guides future behavioral and 315

physiological experiments. 316

The presented experiments for monaural and binaural sound source localization 317

challenges the current view on the fundamentals of how listeners localize the vertical 318

component of environmental sounds. We propose that vertical sound source localization 319

takes advantage of binaural signal integration in every day situations but is also capable 320

of localizing monaural signals providing they have been heard (learned) beforehand. 321

Methods 322

Input data creation 323

Inputs Ssm,i to the model are generated by, first, convolving a mono sound signal xi(t) 324

of sound type i with recorded head-related impulse responses (HRIR), separately for the 325

ipsi- s = Ipsi and contralateral ear s = contra of listener m provided by the CIPIC 326

database [1] to model simulated sound signals arriving at the cochlea 327

Ism,i(ε, t) = HRIRsm(ε, t) ∗ xi(t) · (1− η) + η · (xi(t) + U(0, 1) · η)), (1)

where ∗ is the convolution of two signals, U(0, 1) the uniform distribution and η 328

describes the signal-to-noise ratio and is commonly set to 0.2. The input noise of the 329
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data is modeled so that a part of the original, unfiltered signal (xi(t) in second term) is 330

perceived together with random noise (U(0, 1)). For the influence of the signal-to noise 331

ratio parameter on the localization ability see supplementary Fig. 2. 332

The cochlea response over frequencies for a perceived sound signal can be simulated 333

using gammatone-filter banks [43]. This transformation from time into frequency 334

domain is implemented by using a python implementation 335

(https://github.com/detly/gammatone) of the auditory toolbox [50] with 128 frequency 336

bands, window length of twin = 0.1s and step time thop = twin
2 . Thus, each signal Ism,i 337

at the eardrum is transformed to its frequency domain by 338

S̄sm,i(ε, f, t) = GBF (Ism,i(ε, t)), (2)

where GBF is the gammatone-filter bank as described in [50]. The resulting 339

spectrum is set to be in range [20, 20000]Hz to resemble the perceivable range of 340

humans [42]. After this filtering step, the log power of the signal is calculated by 341

Ssm,i(ε, f, t) = 20 · log10(S̄sm,i,t(ε, f) + 1). This power spectrogram is averaged over time 342

to for the final spectrum of the perceived sound 343

Ssm,i(ε, f) =
1

k

k∑

t=0

S̄sm,i(ε, f, t) (3)

with k the number of time steps calculated by the gammatone filter bank. 344

To provide signals with similar energy levels each spectrum is normalized over 345

frequencies: 346

Ssm,i(ε, f) =
Ssm,i(ε, f)

∑128
i=0 S

s
m,i(ε, fi)

, (4)

These transformation steps are separately initiated for each listener (45 HRIR from 347

the CIPIC database), each sound type (in total 20 different sounds) and each elevation 348

(25 in total) ranging from [−45◦,+90◦] in 5.625◦ steps on the median plane. 349

Sounds 350

Sounds that are used for the presented experiments can be found under TODO 351

Model Description 352

Two different version of the binaural integration model were simulated: a arithmetic 353

model that uses a sequence of mathematical operations and a neural model that is 354

based on different neuron populations implementing similar operations as the first 355

model. Response of each neuron in such populations is described by a first-order 356

differential equation of its membrane potential. This model is provided to demonstrate 357

the biologically plausibility of our model. If not stated otherwise all presented results 358

are based on the arithmetic model. 359

Arithmetic Model The basic model consists of three consecutive processing layers 360

with an optional layer for the integration of prior information, which is used only in 361

”prior” conditions or when a prior integrating map is learned. 362

The first layer in the model is a normalization layer that receives the frequency 363

signal Ssm,i(ε, f) as an input and normalizes it with a Gaussian-filtered version of it self 364

Ŝsm,i(ε, f) =
Ssm,i(ε, f)

Ssm,i(ε, f) ∗ Λ(f)
(5)
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where Λ(f) is a Gaussian kernel with σ = 1. This normalization already provides 365

signals with prominent spectral cues. 366

The optional prior integration step calculates a sound type specific prior by 367

averaging these filtered signals over elevations: 368

pi(Ŝ
s) =

1

n

n∑

j=0

Ŝsm,i(εj , f), (6)

Such prior information is used in the ”prior” conditions to effectively remove sound 369

type specific peculiarities in the perceived frequency spectrum. Thus, enabling 370

monaural localization. It is combined with the filtered sound signal by a simple division 371

(Ŝsm,i(ε, f)/pi(Ŝ
s)). Note, that this step is omitted for conditions in which no prior 372

information is considered. 373

These signals from the ipsi- and contralateral side are integrated (by a division) in 374

the integration layer to provide a binaural signal Sb(ε, f): 375

Sbm,i(ε, f) =
ŜIpsim,i (ε, f)

ŜContram,i (ε, f)
. (7)

This step effectively removes sound type specific information in the signal so that only 376

HRTF induced frequency modulations remain, making it simple for the model to 377

localize such signals. The resulting signal is normalized over frequencies to ensure values 378

in a feasible range Sbm,i(ε, f) =
Sb
m,i(ε,f)∑128

j=1 S
b
m,i(ε,fj)

. 379

Finally, the output layer performs a cross correlation of either Ŝsm,i for the monaural 380

(omitting the prior integration step) and monaural-prior conditions or Sbm,i for the 381

binaural (omitting the prior integration step) and binaural-prior conditions with a 382

previously learned map Mm(ε, f) to estimate the elevation ε∗ of the perceived sound 383

source 384

ε∗ = argmin
ε

[
xcorr

(
Sm,i(ε, f),Mm(ε, f)

)]
(8)

The learned map Mm(ε, f) for a participant is previously constructed by averaging 385

over all presented sound types 386

Mm(ε, f) =
1

n

n∑

j=0

Sj,m(ε, f), (9)

here, S again depends on which condition is tested. For the monaural and 387

monaural-prior conditions S = Ŝs and for the binaural and binaural-prio conditions 388

S = Sb. 389

Neural Model The following neural model for elevation estimation is based on the
computational layers introduced with the arithmetic model (see Fig.6). Each layer is
realized with one or two populations of N neurons selective to frequency band f which
are modeled by a first-order differential equation of the neuron’s membrane potential.
This membrane potential is transformed to a firing rate by an activation function g(•)
which is a simple linear rectified function

g(x) =





0, if x < 0,

1, if x > 1,

x, else,

(10)
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ipsi-lateral input contra-lateral input

Prior
Information

Prior
Information

Figure 6. Neural Network Architecture. Blue filled circles indicate model neurons.
Blue empty circles represent model inputs. Blue arrow-headed connections are excitatory
and red bullet-headed connections are inhibitory connections from inputs to neurons and
from neurons to other neurons, respectively. The processing consists of two independent
parallel pathways for the left and right ear input which interact at the level of the
superior olive and presumably inferior colliculus.

with saturation level of 1. 390

The core of the model is an integration population that receives excitatory input 391

from neurons of the ipsilateral side and inhibitory inputs from neurons of the 392

contralateral side, thus performs a binaural signal integration 393

τ ṙBinf = −αd · rBinf · g(rsin,f ) (11)

+ (βrBin − rBinf ) · g(rsin,f )− κrBin · rBinf · g(pContrasum,f ) (12)

here, parameter τ defines the membrane capacitance, αd is a default passive 394

membrane leak conductance, βrBin describes a saturation level of excitatory inputs and 395

κrBin define the divisive influence of the inhibitory input. A special feature of the 396

neuron is that the the input modulates the decay rate of the neuron so that higher 397

inputs lead to a faster decay which leads an alignment of signals with very different 398

intensities. Such a generic neuron model has been previously demonstrated to resemble 399

typical neuronal response and to successfully solve a variety of tasks [31,39,40,52]. 400

Since such a model approach does not lead to specific voltage traces of neurons the 401

nomenclature differs from typical electrophysiological descriptions but is in line with 402

previous computational models [7, 17,41,47]. 403

The inhibitory input pContrasum,f is modeled by an intermediate inhibitory population of 404

the contralateral side 405

τ ṗssum,f = −αd · pssum,f + (βd − pssum,f ) · g(rsprior,f ) (13)
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The input rsprior,f to such neurons is provided by a population of so called prior 406

integration neurons and is modeled by 407

τ ṙsprior,f = −αd · rsprior,f + (βrprior − rsprior,f ) · g(rsin,f )− γrprior · g(w̄s,priorf,ε ) (14)

These neurons receive, presumably, cortical inhibitory input which is the mean over 408

elevations based on a previously learned, sound type specific signal ws,priorf,ε for the ipsi- 409

and contralateral side, respectively. 410

Similarly, the excitatory input g(rsin,f ) is modeled by neurons at side s 411

τ ṙsin,f = −αd · rsin,f · Insf + (βrin − rsin,f ) · Insf − κrin · rsin,f · g(psin,f ) (15)

This population of neurons in the neural model realizes the Gaussian normalization 412

layer of the arithmetic model by integrating inhibitory inputs from an inhibitory input 413

population 414

τ ṗsin,f = −αd · psin,f + (βd − psin,f ) ·
128∑

f ′=1

Insf · Λf ′f (16)

The input kernel Λf ′f enables an integration of inputs over several frequency bands 415

f and is defined as Λf ′f = exp(− (f−f ′)2

2·σ2 ) with σ = 3. 416

To ensure valid input values to the neural model, the input Ssm,i(ε, f) over frequency 417

band f for a single participant m, elevation ε and a sound type i is normalized by 418

Insf =
Ssm,i(ε, f)

∑128
j=0 S

s
m,i(ε, fj)

, (17)

again s ∈ {Ipsi, Contra} depending on the input side. 419

To estimate the elevation of a perceived sound source the final readout layer of the 420

network is defined as a set of 25 neurons qBinε , each tuned to a certain elevation ε 421

τ q̇Binε = −αd · qBinε + (βd − qBinε ) ·
128∑

f=1

rBinf · wfε (18)

It receives excitatory inputs form the binaural integration layer and integrates them 422

according to a previously learned weight kernel wfε. For an elevation estimate the index 423

ε∗ of the neuron with maximal activity is determined 424

ε∗ = argmax
ε

(qBinε ) (19)

All presented results of the neural network model are calculated from the network 425

responses readout at a single neuron level after keeping the input stimuli constant for at 426

least 3000 time steps. This duration is sufficient for the neuron to dynamically converge 427

to its equilibrium membrane potential of numerical integration of the state equations. 428

For the numerical integration of the state equations we chose Euler’s method with a 429

step size of ∆t = 0.0001 (for details see [53]). 430

Learning The weight kernel wfε is learned using a supervised learning approach 431

similar to instar learning [15]. 432

∆wf,ε = η · (rBinf − wfε) · v (20)
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where η = 0.00005 is the learning rate and v is a vector of 25 entries, one for each 433

elevation and is assumed to provide a visual guidance signal. That is, for a sound signal 434

arriving from elevation ε entry vε of the vector is set to 1 while all other entries remain 0. 435

The sound type specific prior is learned separately for the ipsi- and contralateral side 436

and is based on the activation of the prior integration neurons: 437

δws,priorf,ε = η · (rsprior,f − ws,priorf,ε ) · v (21)

here, the values of η and v are set as described above. 438

The learning phase consists of 15000 trials. In each trial a sound signal from a 439

randomly chosen elevations and sound type is presented to the model. After this 440

learning phase the weights are normalized over frequencies to ensure similar energy 441

content (wf,ε = wf,ε/
∑128
i=0 wfi,ε). Subsequently, localization performance is tested by 442

presenting all sound signals to the model and calculating the elevation response ε∗. For 443

this localization phase η is set to 0 to disable learning. 444

Table 1. Model parameters

General Parameters

N (# Neurons) 128
σKernel 3

τd 0.005 αd 1.0
βd 1.0

Excitatory Input Neuron rin

βrin 200.0 κrin 200.0

Prior Integration Neuron rprior

βrprior 2.0 γrprior 1.0

Integration Neuron rBin

βrBin 2.0 κrBin 1.0
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Supporting Information

S1 Figure

Correlation of learned map with HRTFs
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Figure 7. Similarity of HRTFs. Cross-correlation of HRTFs with learned map for
single participant. Comparison of the learned map under different conditions with the
HRTFs of the left and right ear, respectively, via a cross-correlation. Top left shows
comparison to a map learned using monaural inputs. Top right depicts comparison to
a map learned using monaural inputs with integrated prior information. Bottom left
shows comparison to a binaurally learned map. Bottom right depicts comparison to a
map learned using binaural inputs with integrated prior information. Colors indicate
the correlation coefficient index.
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S2 Figure

Check [13] for signal to noise ratio test and model.
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Figure 8. Signal to noise ratio test. Influence of signal-to-noise ratio on localization
performance is depicted. The learned map is based on binaural signals integrating
prior information. Left panel, the averaged gain values for the linear regression over all
participants is shown. Middle panel, the bias values for the linear regression over all
participants is depicted. Right panel, coefficient of determination for the linear regression
over all participants is shown. The bars indicate the confidence interval (95%). Different
line colors indicate various tested conditions as described in ?? . Blue lines represent
localization of monaural sings. Orange lines show localization for monaural signals
integrating prior information. Green lines indicate localization for binaural signals. Red
lines represent localization for binaural signals integrating prior information.
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Computational investigation of visually guided learning of
spatially aligned auditory maps in the colliculus

TIMO OESS 1,∗, MARC O. ERNST1, HEIKO NEUMANN2

1 Applied Cognitive Psychology, Ulm University, D-89081 Ulm, Germany
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The development of spatially registered auditory maps in the external nucleus
of the inferior colliculus in young owls and their maintenance in adult animals
is visually guided and evolves dynamically. To investigate the underlying
neural mechanisms of this process, we developed a model of stabilized
neoHebbian correlative learning which is augmented by an eligibility signal
and a temporal trace of activations. This 3-component learning algorithm
facilitates stable, yet flexible, formation of spatially registered auditory
space maps composed of conductance-based topographically organized neu-
ral units. Spatially aligned maps are learned for visual and auditory input
stimuli that arrive in temporal and spatial registration. The reliability of visual
sensory inputs can be used to regulate the learning rate in the form of an
eligibility trace. We show that by shifting visual sensory inputs at the onset
of learning the topography of auditory space maps is shifted accordingly.
Simulation results explain why a shift of auditory maps in mature animals
is possible only if corrections are induced in small steps. We conclude that
learning spatially aligned auditory maps is flexibly controlled by reliable
visual sensory neurons and can be formalized by a biological plausible
unsupervised learning mechanism.

INTRODUCTION

Identifying a location of a visual or auditory event in our environment is advantageous
for an organism to orient in space. Localizing a visual stimulus is a rather easy task,
since the receptor array (sensorial neurons on a sensory organ) is topographically
ordered. Hence, the location of a stimulus can be directly read out by its position
on the retina. However, in the auditory domain localizing a stimulus is a complicated
task that involves intensive computational steps to overcome two major obstacles.
The challenge in sound source localization begins at the stage of the cochlea. The
tonotopically organized receptor array represents neighboring frequencies but not
adjacent spatial locations. Consequently, the location of a sound source cannot be
directly inferred from its array position but needs to be computed using cues created
by the head shadow, the distance between the ears or their shape. However, these
cues lack associations to absolute locations in space. In order to establish such
associations the brain utilizes vision as a guidance signal (Knudsen and Knudsen,
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1989). Whenever a visual stimulus appears in temporal registration with an auditory
stimulus, an association is established between the spatial location of the visual
stimulus and computed auditory localization cues to form a topographically ordered
representation of auditory sound source locations. Such associations can be found
in the external subdivision of the inferior colliculus of barn owls in the form of a
topographically aligned map of auditory space (Knudsen and Konishi, 1978).

Here, we present a neural model of auditory map formation in owls utilizing an
unsupervised learning rule that evaluates correlations of sensory input streams. Map
structures are defined as 1-dimensional arrays of topographically arranged single com-
partment neurons. Activations of model neurons are defined by rate-based changes
of first-order conductance-based membrane dynamics and their transformation into
firing rates. The model architecture is based on physiological findings in barn owls
(Knudsen and Brainard, 1991; Hyde and Knudsen, 2000; Linkenhoker and Knudsen,
2002) and incorporates parts of external nucleus of the inferior colliculus (ICx) and the
optic tectum (OT) to represent auditory and visual inputs, respectively. Unsupervised
learning is defined by a neoHebbian 3-factor rule that incorporates an eligibility
control signal, a co-activation plasticity mechanism, and a temporal trace of post
synaptic activation (Gerstner et al., 2018). Together, these components enable stable
map alignment of auditory space instructed by visual guidance signals.

Simulation results demonstrate the ability of the model to resemble behavioral and
physiological findings in barn owls and explain the difference in remapping of
auditory space in juvenile and adult owls when their visual field is shifted. Specifically,
we show that the ability of remapping critically depends on the receptive field size
of auditory neurons. This explains why a gradually induced prismatic shift enables
remapping of auditory space in mature animals whereas a single large shift only works
for juvenile owls.

METHODS

The alignment of auditory space maps in barn owls occurs at the level of the midbrain
between the central nucleus of the inferior colliculus (ICC) and ICx. This alignment
is guided by retinotopic visual inputs from the OT. The ICC comprises tonotopically
ordered neurons that are responsive to certain values of localization cues such as
interaural time or level differences. By combining these cues over different frequency
channels and associating them with visual information provided by the OT, the ICx
forms a topographical map of auditory space.

Inputs to ICx model neurons at location j arise from ICC (audio) and OT (vision)
and are denoted sA

j and sV
j , respectively. Each input is a one-dimensional vector of

N = 40 entries that describes the input conductances to the ICx neuron population
of size N. This number is chosen to achieve high input resolution while keeping the
computational cost in a feasible range. Visual inputs from the OT are topographically
structured whereas inputs from the ICC are tonotopical but show a topographical orga-
nization of localization cues (Feldman and Knudsen, 1997). Therefore, independent
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auditory sA
j (xt) and visual sV

j (xt) sensory input at location j can be modeled by

s{A,V}j (xt) = exp(
−( j− xt)

2

2 ·σ2
{A,V}

), (Eq. 1)

where xt is the location at time t and σ{A,V} the spatial extent of an auditory and visual
stimulus on the receptor array, respectively. To ensure similar input strengths the input
vectors are min-max normalized. An input location x is randomly chosen between 0
and N and for each such a location a Wiener process (initial setting: σWP = 1,µ = x)
is applied that randomly selects five locations in the vicinity of x. Finally, these five
locations are consecutively presented, each for 100 time steps (sufficient time to reach
a steady state of the membrane potential), before choosing another initial location x.
This process is repeated N times.

One model assumption is an increasing energy level in the visual map of space over
time due to maturation of the visual system. This incremental increase of energy of
visual inputs is modeled by filtering the visual input signal with a temporal high-pass
filter according to ŝV

j = sV
j ∗ f (∗: convolution operator) ,where

f (t) =
1

(1+ exp(−(10−4 · t−1)))
. (Eq. 2)

This leads to increased plasticity of the learning for more reliable visual input signals.
The auditory input signal is fed to an ICx model neuron r j, whose membrane potential
change is defined by:

τ ṙ j =−α · r j +(β − r j) ·
N

∑
i=0

w ji · sA
i , (Eq. 3)

where sA
i describes the auditory input, weighted by connection weight w ji over all

input locations. Parameter τ = 0.1 defines the membrane time constant, α = 1.0 is a
passive membrane leakage rate and β = 1.0 describes a saturation level of excitatory
inputs (standard neuron parameters). To create a firing rate, membrane potential r j at
time t is transformed by an output function g(r j(t)) = [r j(t)]+ = max(r j(t),0). Note,
that visual inputs do not drive the neuron auditory map neurons in accordance with
neurophysiological findings (Knudsen and Knudsen, 1989).

The essential part of the model is a 3-component neoHebbian learning algorithm
(Gerstner et al., 2018), that facilitates learning for spatially and temporally aligned
inputs. Empirical exploration was used to choose best learning parameter values.
Weights are initialized with a large receptive field kernel, w ji = exp(−(i− j)2

2·202 ), so
that each receptive field ranges over the entire input space to replicate juvenile owls’
receptive fields. The weight adaptation ∆w for each learning step is governed by the
3-component structure

∆w ji = η · [post j(t) · prei(t) · f b j(t)− stabilizer j(t)], (Eq. 4)
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with η = 0.005 denoting the learning rate, post j(t) = r̄ j(t) is the temporal trace value
of the map activity r j, prei(t) = sA

i is the activity of the auditory input neuron and
f b j(t) = FV

j (t) is an eligibility signal. This eligibility signal is driven by the activity
of a spatially coincident visual neuron and the overall energy in the visual map,
FV

j (t) = ŝV
j (t) ·E(t) where is E(t) is the normalized total energy in the visual map

and is calculated by E(t) = ∑N
j ŝV

j (t)/∑N
j sV

j (t). Here, ŝV
j (t) is the current activation of

the visual input after filtering (see Eq. 2) and sV
j (t) the maximal input strength before

filtering. This mechanism guarantees that learning takes place only for reliable visual
signals and for spatially aligned auditory and visual events (Brainard and Knudsen,
1993). The temporal trace value r̄ j is calculated by r̄ j(t+δ t)= (1−λ ) · r̄ j(t)+λ ·r j(t)
to achieve more robust map formation. λ = 0.5 denotes the trace parameter that
defines the influence of previous values of r j on its current state r̄ j.

The term stabilizer j(t) is added to counterbalance the correlative 3-component
learning and is defined by stabilizer j(t) = r̄2

j ·w ji to pull weights towards constant
energy by a rate proportional to the energy of the map neuron activation. By collecting
all terms in the weight adaptation mechanism we arrive at a modified Oja learning rule
(Oja, 1989) that incorporates an eligibility control signal to regulate the map learning
process.

Connections from one neuron to another can degrade over time which is modeled by a
decay function that is applied in each time step: w ji(t+δ t) = (1−10−6) ·w ji(t). Here,
w ji(t) can become very small but never 0. However, it is possible that connections
eventually vanish completely. We model this process by w ji = 0, for w ji < 0.01. To
compensate for this degeneration the model is endowed with a process that allows for
reestablishment of already vanished weights. This is achieved by increasing weight
values randomly in close vicinity to weights which values exceed a given threshold:

ŵ ji = exp(
−(i− argmaxi( j, i))2

σ2
syn

),

∆w ji =

{
ŵ ji · |N (0, ŵ ji)| ·φsyn, ŵ ji ≥ tsyn
0, otherwise (Eq. 5)

where σsyn = 2.8 defines the range in which new weights can be created, tsyn = 0.5
is a threshold a weight has to exceed to initiate the process and φsyn = 0.1 defines a
scaling factor of the noise. This process is repeated every 1000th time step.

RESULTS

In the following, we present simulation results that, first, show learning abilities of
our model for spatially and temporally correctly aligned visual and auditory inputs.
This learning of normal responses is used in a second experiment as a reference for
comparison with learning for shifted visual inputs. In a third experiment, we show

152



Auditory Map Alignment

how the regained ability of shifting an auditory map for incrementally shifted visual
inputs in adult owls depends on receptive field size of auditory neurons.

At the beginning of each simulation experiment the auditory system is in its juvenile
state (reduced energy in visual map, broad receptive fields of auditory neurons, no
auditory map alignment) and develops over the course of 50,000 time steps to its
mature state (maximal energy in visual map, narrow receptive fields of auditory
neurons, and supposedly aligned auditory map). To demonstrate correct functionality
of the model, we present a learned auditory map for temporally aligned, non-shifted
visual and auditory inputs (Fig. 1 A). It represents correct map alignment in healthy
owls. The abscissa indicates the spatial offset of the alignment from the predicted
normal. The predicted normal describes the location offset between auditory and
visual signals and is 0◦ for a perfectly aligned auditory map (spatial coincidence). Data
presented here is collected by repeatedly presenting different sound source locations
and measuring the response of auditory map neurons.

Temporal coincidence between both inputs determines how well an auditory map can
be aligned. For large temporal offsets the map alignment fails due to reduced activity
of map neurons at the moment the visual signal would facilitate learning. Temporal
coincidence is especially crucial if stimulus locations are randomly sampled from the
environment (high σWP value of Wiener process). However, if consecutive auditory
visual events are in spatial vicinity (they are spatially correlated, low σWP value)
correct map alignment is still possible even for large offsets (Fig. 1 E).

Experiments with juvenile owls show that if a constant shift of visual inputs is
introduced by prismatic goggles, the alignment of the auditory space map is shifted
accordingly. This indicates a visually guided learning of auditory space (Brainard
and Knudsen, 1993). We replicate this experiment by inducing a shift of the visual
inputs by 10◦ or 20◦, respectively, right at the beginning of the learning. Through
its role as a guidance signal, the visually shifted input leads to a shifted alignment of
the auditory space map (Fig. 1 B). However, this shift only occurs when introduced
in juvenile owls, but remains ineffective when tested with adult owls (Linkenhoker
and Knudsen, 2002). Our model exhibits the same behavior when presented with
a non-shifted visual input during development (until time step 100,000 to simulate
sufficient adult experience) followed by a 15◦ shifted visual input. Map realignment
fails since the shifted input is outside the receptive field range of auditory neurons
(Fig. 1 C). Unlike the ineffective alignment modification in case of a single large shift,
incremental small shifts in the visual input can lead to map realignment in adult owls.
Simulations with multiple small incremental shifts of the visual signal demonstrate
that our model is able to realign the auditory map of space in each consecutive step
(Fig. 1 D).

Our results indicate that this phenomenon can be ascribed to the receptive field size of
auditory map neurons. According to Hebbian learning, new connections and thereby
realignment can only be learned if there is a temporally coincident pre- and post-
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synaptic activity of neurons (Hebb, 1949). If a large shift is introduced, the activity
location of postsynaptic neurons in the auditory map and of visual input neurons do
not coincide, since the stimulus location is outside of the spatially aligned auditory
neuron’s receptive field. In contrast, if small shifts are introduced the stimulus location
might still be in the receptive field range of the auditory neuron which leads to an
activation and therefore a relearning of connections. We tested this hypothesis by
measuring the maximal shift step size depending on the receptive field size of the
auditory neurons. For each receptive field size (range [0.5 ·σA,7 ·σA] ≈ [4px,40px])
different shift steps (range [5◦,25◦] = [5px,25px]) are tested and the maximal possible
shift is measured (a shift is successful if the activity location of the map neurons
corresponds to the induced shift). In total, we ran 8 simulations and calculated the

Fig. 1: Left and middle column. Population tuning curves of ICx neurons
to different auditory stimulus locations relative to each neuron’s predicted
normal response are shown (as in Knudsen (1998)). Normal responses of a
neuron are derived from the learned map for temporally aligned, non-shifted
inputs. Lines depict mean of model neuron responses. Standard deviation
in colored area. In all plots the blue line is the normal response plotted
for easier comparison. A depicts model responses for temporally aligned,
non-shifted inputs. B shows responses for various shifts of visual inputs.
In C green line plots model responses for a shifted visual input of 15◦ in
adult animals. D shows model responses for incremental shifted inputs in
adult animals. Right column. E map alignment quality over autocorrelation
value of inputs (ordinate) and their temporal offset (abscissa). Perfect map
alignment is indicated in bright yellow, no alignment in dark blue. F depicts
maximal shift over receptive field width when shift is introduced at a mature
state.
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mean maximal shift for each receptive field size. For increasing receptive field size
the maximal shift step becomes proportionally larger (Fig. 1 F).

DISCUSSION & CONCLUSION

We presented a neuron model that learns aligned auditory maps of space by applying
a 3-component neoHebbian correlative learning rule to its visual and auditory inputs.
Previous investigations of auditory map alignment demonstrated that alignment is
possible with a map adaptation cue in a spiking neuron model (Huo and Murray,
2009) or with a simple, unconstrained Hebbian learning rule for visual and auditory
inputs (Witten et al., 2008). Our model differs in that it directly uses visual inputs as a
guidance signal for map alignment and is able to explain the unaffected map alignment
in adult owls when a large prismatic shift is induced versus the ability to realign for
incremental shift step size.

Simulation results demonstrated the model’s ability to successfully learn aligned
auditory maps of space for temporally and spatially aligned visual and auditory
sensory inputs. Due to the introduced eligibility signal, visual inputs do not drive
responses of auditory map neurons but merely elicit learning for coincident stimuli,
which is important for close replication of biological findings.

The incorporated trace rule can compensate for small temporal offsets between the
visual and auditory inputs. However, for large temporal offsets, results indicate that
the success of learning strongly depends on the spatial autocorrelation of the input
locations. That is, if auditory and visual inputs are not randomly sampled in space
but are chosen according to a Wiener process with small σWP, correct map alignment
is still possible. This implies that learning is enhanced for stimulus locations that
show strong autocorrelation. When transferring our results to real world scenarios,
this enhancement is of special interest since audio-visual events rarely happen to
occur at just a single location, followed by other random locations but are likely to
happen in spatial vicinity. Therefore, such an enhanced learning capability for strongly
autocorrelated input locations seems to facilitate learning of real world stimuli.

It has been shown experimentally that the ability to shift the auditory map alignment
is reduced for adult animals (Linkenhoker and Knudsen, 2002). Our model results
predict that the receptive field size of the auditory neurons is responsible for this
reduction and it can serve as an index of maximal shift step size for visual inputs
that can still induce map realignment. This prediction could be tested by varying the
prismatic shift step size and determining the receptive field size for adolescents of
different ages. If our prediction is correct the two values should correlate.

Despite the presented results, at the moment our model is incapable to maintain
already established maps and to quickly readjust to normal vision as it has been
demonstrated for owls in (Knudsen, 1998). However, we argue that this could be
achieved by adapting the learning algorithm and extend the input by elevation cues.
Together with a N-methyl-D-aspartate (NMDA) receptor signal which in addition to
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the eligibility signal could control the learning, we expect the model to further extend
its capability to resemble neurophysiological and behavioral studies.
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While interacting with the world our senses and nervous system are constantly

challenged to identify the origin and coherence of sensory input signals of various

intensities. This problem becomes apparent when stimuli from different modalities need

to be combined, e.g., to find out whether an auditory stimulus and a visual stimulus

belong to the same object. To cope with this problem, humans and most other animal

species are equipped with complex neural circuits to enable fast and reliable combination

of signals from various sensory organs. This multisensory integration starts in the brain

stem to facilitate unconscious reflexes and continues on ascending pathways to cortical

areas for further processing. To investigate the underlying mechanisms in detail, we

developed a canonical neural network model for multisensory integration that resembles

neurophysiological findings. For example, the model comprises multisensory integration

neurons that receive excitatory and inhibitory inputs from unimodal auditory and visual

neurons, respectively, as well as feedback from cortex. Such feedback projections

facilitate multisensory response enhancement and lead to the commonly observed

inverse effectiveness of neural activity in multisensory neurons. Two versions of the

model are implemented, a rate-based neural network model for qualitative analysis and

a variant that employs spiking neurons for deployment on a neuromorphic processing.

This dual approach allows to create an evaluation environment with the ability to test

model performances with real world inputs. As a platform for deployment we chose

IBM’s neurosynaptic chip TrueNorth. Behavioral studies in humans indicate that temporal

and spatial offsets as well as reliability of stimuli are critical parameters for integrating

signals from different modalities. The model reproduces such behavior in experiments

with different sets of stimuli. In particular, model performance for stimuli with varying

spatial offset is tested. In addition, we demonstrate that due to the emergent properties

of network dynamics model performance is close to optimal Bayesian inference for

integration of multimodal sensory signals. Furthermore, the implementation of the model

on a neuromorphic processing chip enables a complete neuromorphic processing

cascade from sensory perception to multisensory integration and the evaluation of model

performance for real world inputs.

Keywords: multisensory integration, spiking neural network, neural network, neuromorphic processing, Bayesian

inference, audio-visual integration, computational modeling
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1. INTRODUCTION

While interacting with the world our senses are exposed to a
rich and constant flow of information. Making sense of this vast
of information is one of the most important task of our brain
and crucial for survival. It does this by combing complementary
information about the same event from different senses into a
single percept. This integration process leads to an enhancement
of the combined signal, thus supports the detection of events or
objects of interest, improves disambiguation and allows for faster
and more accurate processing than could be derived by a mere
linear combination of unimodal information streams (Stein and
Stanford, 2008).

Humans and other mammals are equipped with complex
neural circuits to ensure fast, reliable and optimal combination
of signals from various sensory organs (Marrocco and Li,
1977; Edwards et al., 1979; Cadusseau and Roger, 1985). This

multisensory integration (MSI) process can be found already in
the superior colliculus (SC) of the brain stem where auditory,

visual and vestibular signals are combined to facilitate fast
reflexive eye movements (Stein et al., 1983). This integration

process is refined on ascending cortical pathways for higher level
processing and decision making.

The SC is a melting pot of information from various sensory
modalities and neurons in the SC are the first multimodal
processing units in ascending sensory pathways (Meredith
and Stein, 1983; Wallace and Stein, 1997) with spatially
aligned receptive fields to these modalities (Meredith and
Stein, 1996). The superficial layers of the SC receive mainly
retinotopic inputs from the visual system and respond only
to visual signals (Wallace et al., 1998). However, neurons in
deeper layers of the SC gradually receive ascending inputs
from other modalities and exhibit receptive fields for these
modalities. In addition, their responses are multi-modal, i.e.,
receiving input from two different modalities leads to response
characteristics that are different than responses to uni-modal
signals (Stein and Stanford, 2008). Inputs to neurons in
deep layers come from a diverse set of sensory systems and
range from auditory signals from the inferior colliculus to
proprioceptive signals from the vestibular system. To create
a common frame of references for these different signals
and, thus, spatially align them the retinotopic visual input is
used as a guidance signal. This has been demonstrated in
neurophysiological studies as well as modeling investigations
(Rees, 1996; Wallace et al., 2004; Oess et al., 2020a).

Despite of all the ascending sensory signals in the SC,
neurophysiological studies in cats indicate that there are several
descending projections from the association areas (AES) of the
cortex. Unimodal cortical projections from anterior ectosylvian
visual area (AEv) and the auditory field of the anterior ectosylvian
region (FAEs) are observed (Meredith and Clemo, 1989; Wallace
et al., 1993; Wallace and Stein, 1994). These projections seem to
play an essential role for the integration ability of SC neurons.
Studies demonstrate that when these projections are deactivated,
the neurons in the SC loose all their multisensory response
characteristics (Alvarado et al., 2007a). These characteristics of
SC neurons are complex and are the result of not just descending

cortical projections but also neural circuitry and dynamics in the
SC as we will describe later.

One of such a response characteristic is the so called
multisensory enhancement which describes an enhanced activity
for multisensory input signals that is higher than the linear
combination of all unisensory inputs (Stein and Stanford, 2008).
Such multisensory enhancement changes with the intensities
of the input signals and creates the commonly observed
and described inverse effectiveness for multi-modal signals
of MSI neurons (Perrault et al., 2003; Stein and Stanford,
2008). That is, low intensity multimodal stimuli in spatial
and temporal register lead to an enhanced response of MSI
neurons which is greater than the summed responses for
separately presented unimodal stimuli (super-additivity). In
contrast, for high intensity multimodal stimuli, responses tend
to be smaller than the sum of unimodal responses (sub-
additivity). As a consequence, the probability of detecting
low intensity events registered by two or more senses
is increased.

Another important response characteristic of MSI neurons
is the suppression for bimodal signals outside the receptive
field of the neuron (Meredith and Stein, 1996). That is, the
otherwise strong activity of SC neurons is suppressed by input
signals of another modality with spatial or temporal offsets
(spatial and temporal principle of multisensory integration). This
suppression leads to a sub-additive combination of the two
stimuli and thus can be seen as a means to prevent fusion of input
stimuli that do not belong to the same event.

All these response characteristics can only be observed for
active descending cortical feedback from association areas toMSI
neurons in the SC (Jiang et al., 2001, 2007; Jiang and Stein,
2003; Alvarado et al., 2007a, 2009). When cortical projections
or corresponding cortical areas are deactivated, multimodal
response characteristics vanish (Rowland et al., 2014; Yu et al.,
2016). Thereby, AES cortical feedback projections mediate
multisensory integration abilities in SC neurons.

The aim of such a complicated integration process is to
infer a percept that is more reliable and robust than unimodal
perceptions. In fact, studies pointed out that humans integrate
signals from different modalities in a statistically optimal fashion
(Ernst and Banks, 2002), so called Bayes optimal. That is,
they weight each signal based on its reliability before linearly
combining them. Thereby, increasing the certainty of the
combined signal. In addition, it has been suggested that in order
to integrate signals in such an optimal way, neural populations
need to be able to encode and integrate sensory signals Bayes
optimally (Deneve et al., 2001; Ma et al., 2006). Hence, one
of the challenges in computational modeling of multisensory
integration is to demonstrate that a model integrates its input
signals in a Bayes optimal or at least near-optimal way and to
explain how the variety of response characteristics can emerge
from population dynamics.

We introduce a neural network model of multisensory
integration of audio-visual signals that exhibits such near-
optimal Bayesian behavior, incorporates cortical feedback and
demonstrates typical multi-sensory response characteristics. The
contribution of this work is several-fold: First, we introduce
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a neural network model of conductance-based neurons in
the superior colliculus that incorporates neurophysiological
plausible cortical feedback connections. We investigate how
this feedback alters the responses of multisensory neurons
and enables them to integrate signals from multiple sensory
streams. In addition, we examine what enables this process
to integrate multimodal signals in a Bayesian optimal fashion
and demonstrate that the introduced model does near-
optimal Bayesian inference. This finding links the algorithmic
mechanisms and representations to functionality. In a second
part, we incorporate a spike-based output encoding of the
model and deploy it on IBM TrueNorth neurosynaptic system
(Cassidy et al., 2014), a neuromorphic processing chip with
connections to neuromorphic sensory systems. Evaluations with
this neuromorphic model demonstrate the performance for real
world input data. This is a novel approach of testing a biological
inspired architecture since it enables a complete neuromorphic
processing cascade from sensory perception to multisensory
integration and the evaluation of model performance for real
world inputs.

2. MATERIALS AND METHODS

In this section we introduce the architecture of the neural
network model which interactions and components are based on

physiological findings. The first part describes a rate-based model
implementation with first-order ordinary differential equations
defining the change of a neuron’s voltage based activation. In
a second part we introduce a spiking neural network model
implementation and describe how it is realized on the TrueNorth
neurosynaptic chip.

The overall architecture of the model is inspired by the SC
of mammals (Figure 1). That is, SC neuron populations (r)
receive two modality specific excitatory inputs from a visual
(Sv) and auditory (Sa) input population, respectively. Divisive

inhibition of model neurons simulated by pool neurons (ppool)
and feedforward inhibition of the sensory inputs ensure a
normalized level of activity. This is realized via a coincidence
detection mechanism of the feedforward inhibitory neurons
(psen). Thereby, these neurons provide inhibitory input to
SC neurons only when bimodal sensory inputs are present
but remains inactive for unimodal sensory inputs. Modulatory
input from the cortex (green box CTX in Figure 1) facilitates
multisensory integration abilities of the neurons by feedback top-
down signals. We simulate this by a population of modulatory
interneurons qm. Interactions in the cortex (gray box in Figure 1)
are modeled such that they produce such signals only when both
modalities (Cv and Ca) receive inputs. This is achieved via a
feedforward cross-inhibition in the feedback path of the cortical
projections (gray box in Figure 1) between auditory and visual

FIGURE 1 | Model Architecture. Overall architecture of the multisensory integration model. Blue lines indicate excitatory connections, green lines indicate modulatory

connections, and red lines indicate inhibitory connections. Green box is modulatory cortical signal that is describe in more detail in gray box. Filled circles represent

model neurons, hollow circles indicate inputs to the model. Letters indicate the name of neurons and inputs.
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sensory areas (here qS1a , qS1v , qS2a , and qS2v ). We will explain this in
more detail in the next subsection.

2.1. Rate-Based Model
The rate-based model comprises several populations of neurons
with dynamical interactions that together facilitate multisensory
integration characteristics of SC neurons. Each of these
populations comprises an array of N = 20 neurons, each one
selective to a specific spatial location i in azimuthal direction
(the center of the receptive field of the neuron). Such a count
of neurons in a population is sufficient to achieve a satisfying
resolution of the input space, which is arbitrarily chosen to
be between 0 and 20 for the rate-based model. The number
of neurons is not crucial and the model works well with
larger neuron populations (>40) as well as smaller (<10) The
membrane potential (as described in Equation 2) is governed
by conductance-based integration of the neuron’s excitatory and
inhibitory inputs. Synapses are not modeled individually, but
only represented in weight kernels which collect activities from
pools of neurons. The inputs to such a neuron are described
by Sai and Svi , for auditory and visual inputs, respectively. They
represent the activity of tonotopical visual neurons in superficial
layers of the SC and auditory neurons in the external nucleus of
the inferior colliculus (ICx) (Oliver and Huerta, 1992) that have
presumably spatially ordered connections to the SC (Hyde and
Knudsen, 2000, 2002; Knudsen, 2002). All inputs are assumed to
be spatially aligned so that for a combined event of audio and
visual signals at location i, SC neuron at location i receives the
most activity from inputs Sai and Svi . In addition, cortical activity
of the AEv and FAEs is described with Ca

i and Cv
i and have the

same activity characteristics as Sai and Svi , respectively.
Inputs are assumed to be of Gaussian shape with uncertainty

σz and intensity Iz (where z is sa sensory auditory input, sv
sensory visual input, ca cortical auditory signal or cv cortical
visual signal). Thus, auditory and visual inputs at location i can
be described by

yi(xt) = exp(
−(i− xt)

2

2 · σ 2
z

) · Iz , (1)

where xt is the location of a stimulus at time t.
The core of the model is a population of multisensory SC

neurons that integrates excitatory, inhibitory and modulatory
inputs. The change of membrane potential ri of an SC neuron
selective to location i is described by

τd ṙi = −αdri+ (βd− ri) ·EXi · (1+λ ·MODi)−κr · ri · INHi, (2)

where parameter τd defines membrane time constant, αd is a
passive membrane leakage rate, βd describes a saturation level
of excitatory inputs and κr defines the strength of divisive
inhibition. Parameter values are given in Table 1. The parameter
λ defines the influence of the modulatory input, thus the
multisensory enhancement strength of the model neuron. The
firing rate of an SC neuron is calculated by a sigmoidal activation
function h of its membrane potential ri

h(ri) =
2

(1+ exp(−(ri · 3.4)2))
− 1. (3)

TABLE 1 | Model parameters.

General parameters

N (# neurons) 20

τd 1.0 αd 1.0

βd 1.0

σm 3.0 σ 1.0

SC neuron

κr 0.25 λ 0.4

l 3.6

Modulatory neuron

κm 1 γm 5.0

βm 2.0

S2 cortical neuron

κS2 1.0 γS2 5.0

Excitatory inputs at location i are summarized in the term EXi,
modulatory inputs from cortical projections are described by
the term MODi and inhibitory inputs are summarized in the
term INHi. We will describe each of these terms separately
in the following.

The excitatory input to SC neurons directly arises from visual
and auditory neurons in the outer layers of the SC and ICx,
respectively with spatially aligned receptive fields

EXi(t) = Sai (t)+ Svi (t). (4)

The modulatory input to SC neurons originates in the cortex and
is defined by

MODi(t) =
∑

j

3m
ij · g(qmj (t)), (5)

where 3m
ij defines the interaction kernel of modulatory cortical

projections to SC neurons and g(qMj (t)) defines the activity of

model neuron qmj (t) at location j and time t. We define this

neuron later in this section.
The inhibitory input to SC neurons comprises a signal from

feedforward inhibitory neurons of sensory inputs and a self-
inhibition neuron that is fed by a pool of integration neurons.
It is defined by

INHi =
∑

j

3ij · g(p
pool
j )+

∑

j

3ij · gsen(psenj ) (6)

where g(p
pool
j ) is the activity of a modeled self-inhibitory neuron

p
pool
j and g(psenj ) the activity of an inhibitory neuron psenj of

feedforward inputs.
The feedforward inhibition of sensory inputs ensures similar

intensity levels for unimodal and multimodal inputs by a
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coincidence integration of both inputs. That is, the feedforward
inhibition inhibits SC neurons for simultaneously active bimodal
inputs but not for unimodal inputs. Each SC neuron has
a feedforward inhibitory neuron driven by spatially aligned
auditory and visual inputs. The activation of the membrane
potential for such a neuron is defined by

τsenṗ
sen
i = −αsenp

sen
i + (βd − pseni ) · Sai · Svi (7)

Due to the multiplication of the neuron inputs, the feedforward
inhibition neuron is active only if there are spatially aligned
inputs of both modalities. Thus, the neuron behaves like a
coincidence detector of its inputs.

A population of interneurons is modeled to realize pool
normalization of SC neurons. A pool neuron is driven by
neighboring SC neurons and feeds back on those SC neurons via
inhibitory connections. The membrane potential of pool neurons
is described by

τdṗ
pool
i = −αdp

pool
i + (βd − p

pool
i ) ·

∑

j

3ij · h(rj(t)). (8)

Together with the feedforward inhibition, the pool inhibition
of model SC neurons serves as a normalization mechanism
to ensure a normalized energy level over different input
intensity levels.

Modulatory inputs that facilitate multisensory response
characteristics have their origin in the cortex, namely in the
association areas AEv and FAEs.

The membrane potential of such neurons is modeled by

τdq̇
m
i = −αdq

m
i + (βm − qmi ) · (Ca

i + Cv
i )− (γm + κm · qmi )

·
∑

j

3ij ·
(

g(q
S2v
j )+ g(q

S2a
j )

)

, (9)

where parameter γm defines the subtractive influence of the

inhibitory inputs q
S2a
j and q

S2v
j originating from a cross-modal

inhibition circuit. This circuit (upper right part of gray box in
Figure 1) ensures that only when both cortical inputs are present
a modulatory signal is generated and fed back to SC neurons.
If only one modality input is present the circuit is activated
and generates strong inhibitory inputs for the qm population
resulting in a suppressed response of it. The circuit comprises
four populations of neurons qS2a , qS2v , qS1a , and qS1v with
connections as shown in Figure 1 and membrane state equations
for the auditory modality

τdq̇
S2a
i = −αd · qS2ai + (βd − q

S2a
i )

· Ca
i − (γS2 + q

S2a
i ) ·

∑

j

3ij · g(qS1vj ),

τdq̇
S1a
i = −αd · qS1ai + (βd − q

S1a
i ) · Ca

i ,

(10)

and visual modality

τdq̇
S2v
i = −αd · qS2vi + (βd − q

S2v
i )

· Cv
i − (γS2 + q

S2v
i ) ·

∑

j

3ij · g(qS1aj ),

τdq̇
S1v
i = −αd · qS1vi + (βd − q

S1v
i ) · Cv

i ,

(11)

Together these neurons synthesize the feedforward cross-modal
inhibition circuit of cortical modulatory feedback.

The interaction kernel 3 between neuron populations is
Gaussian and defined by :

3ij =
1

σ ·
√
2π

· exp
(

−0.5 ·
(

i− j

σ

)2
)

(12)

with σ = σm = 3 for 3m (the modulatory connection) and
σ = 1 for 3 for all other connections.

The activation function g() for all neurons in the model except
for neuron ri to generate a firing rate from itsmembrane potential
is a linear rectified function with saturation level of 1

g(x) =











0, if x < 0,

1, if x > 1,

x · k, else,

(13)

with k = 2 for psen input and k = 1 otherwise.

2.2. Spike-Based Model
We also implemented the proposed MSI model on the IBM
TrueNorth Neurosynaptic System. TrueNorth is a highly
efficient, spiking, neuromorphic hardware (Merolla et al., 2014)
that provides a million neurons and 256 million synapses
organized into 4096 cores (Cassidy et al., 2014). This platform
has been demonstrated in numerous real-time applications
ranging from speech recognition (Tsai et al., 2017) over
probabilistic inference (Ahmed et al., 2016) to motion detection
(Haessig et al., 2018).

When transferring any rate-based model to a spike-based
architecture one must choose a representation of real valued
rates. Common options range from the spike-rate of single
or groups of neurons, population codes, order of spike times
(Trappenberg, 2010; Kasabov, 2019) to the (inverse) time
between spikes (Haessig et al., 2018). The proposed rate-based
model needs to evaluate several products of variables (e.g., in
Equation 2), so we choose spike-rate as representation of real
valued activation. Here, multiplication is realized simply by a
logical AND operation, each of which can be done by a single
hardware neuron on the TrueNorth.

The implementation follows our approach in Löhr et al.
(2020): Any model equation is split into elementary operations,
each of which can be handled by a hardware neuron. Such
operations range from sums and products to non-linear
functions. Neuronal activation is encoded directly as spike-
rate, such that only values in [0,1] can be represented. Any
exceeding value will be clipped, thus we must ensure that
operational regimes of all dynamics lie in this range. Neurons
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with larger activation range are scaled down accordingly, and
the weights of all their post-synaptic neurons are increased,
respectively. Eventually, any differential equation in Equations (2,
7–11) is represented by a sub-graph of hardware neurons
where the root neuron’s activation follows said equation.
The composition of these sub-graphs, forming the proposed
model, is shown in Figure 2. The elementary functions to be
performed by hardware neurons can be grouped into unary,
binary and complex operations. Unary operations involve a
constant and a variable, such as sum (⊕) and difference (⊖)
or multiplication (⊙) by a factor. Binary operations involve
two variables and examples are the weighted sum and product
(+, •). Complex operations subsume all remaining neurons:
Convolution over channels is done by weighted sum neurons
(∗), sharing afferent axons on the same core. Root neurons

evaluating ODEs (•) and, finally, the sigmoidal (σ ) activation
function of Equation (3). The decomposition of equations into
these elementary operations is shown in Table 2. For instructions
on how to compute the TrueNorth neuron parameters of

the above operations, please refer to the detailed Table 1 in
Löhr et al. (2020).

As TrueNorth cores have a capacity of 256 neurons each, the
proposed architecture must be split over several cores if more
than six feature channels are to be used. At the same time, any
hardware neuron’s axon can only be routed to a single core.
If its response is required on different cores, splitter neurons
must be inserted which duplicate the neuron’s response to
provide additional axons. To keep the diagram simple in Figure 2
these splitters are connected to the neurons they duplicate via
dashed arrows. However, they actually share the exact same input
connections and internal parameters as their originals and thus
produce a perfect copy of their spike patterns.

Thus we divided the spike-based model into six functional
blocks of similar neuron count, each assigned to a respective core.
To reduce the amount of splitter neurons, no sub-graph of a root
neuron was split over different cores. Likewise, neurons realizing
a convolution were placed onto a common core, so they can share
presynaptic axons. The final hardware implementation of the

FIGURE 2 | Arrangement of the Model Architecture on the TrueNorth neurosynpatic chip. Restrictions of the hardware require careful placement of neurons onto

cores: The eight differential equations (ODEs) in Equations (2, 7–11) must be split into elementary operations, because they cannot be evaluated by a single neuron

each. Also, when any neuron is required to deliver spikes to different cores, a splitter neuron must be inserted to duplicate their axon. Therefore, each feature channel

consists of 60 hardware neurons instead of eight rate-based ones. The chosen layout realizes up to 21 feature channels of the proposed MSI model using six of the

4096 cores of TrueNorth. Stacked frames indicate channels. Neuron:•, root neurons evaluating ODEs; *, convolution over channels; +/•, weighted sum/product of

two variables; ⊕/ ⊖ /⊙, adding to/subtracting from/multiplying by a constant; D, splitter neurons; σ , sigmoidal transfer function. Rectified linear transfer functions are

implemented using ⊙ and clipping.
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TABLE 2 | Elementary operations realized by hardware neurons.

Operation Usage

⊕ (const+ var) Inhib. terms (γm + κm · qmi ), (γS2 + q
S2a
i ), (γS2 + q

S2v
i ) in Equations (9–11)

Feedback term (1+ λ ·MODi ) in Equation (2)

⊖ (const− var) Conductance terms (βd − ri ), (βm − qmi ) in Equations (2, 9)

and (βd − pseni ), (βd − p
pool
i ) in Equations (7, 8)

and (βd − q
S1a
i ), (βd − q

S2a
i ), (βd − q

S1v
i ), (βd − q

S2v
i ) in Equations (10, 11)

⊙ (const • var) Transfer func. gsen() used in Equation (6) and scaling of Sai · S
v
i in Equation (7)

+ (var+ var) Components EXi and INHi of neuron r in Equations (4, 6)

Excit. (Ca
i + Cv

i ) and inhib. (g(qS2vj )+ g(qS2aj )) inputs of qm in Equation (9)

• (var • var) Excitatory input Sai · S
v
i of p

sen in Equation (7)

Products with conduct. terms (. . . ) · EXi , (. . . ) · (Ca
i + Cv

i ) in Equations (2, 9)

and (. . . ) · (Sai + Svi ), (. . . ) ·
∑

j . . . in Equations (7, 8)

and (. . . ) · Ca
i , (. . . ) · Cv

i in Equations (10, 11)

Products with inhib. terms (. . . ) · INHi , (. . . ) · (
∑

j . . . ) in Equations (2, 9)

and (. . . ) ·
∑

j . . . in Equations (10, 11)

Product with feedback term EXi · (1+ λ ·MODi ) in Equation (2)

*convolution Weighted sums
∑

j 3ij . . . in Equations (5, 6, 8–11)•root neurons ODE terms ṙi = −αdri + (. . . )− (. . . ), q̇i
m = −αdq

m
i + (. . . )− (. . . )

and ṗi
sen = −αsenp

sen
i + (. . . ), ṗi

pool = −αdp
pool
i + (. . . )

and q̇i
S1a = −αdq

S1a
i + (. . . ), q̇i

S2a = −αdq
S2a
i + (. . . )− (. . . )

and q̇i
S1v = −αdq

S1v
i + (. . . ), q̇i

S2v = −αdq
S2v
i + (. . . )− (. . . )

σ sigmoid h(ri ) in Equation (3)

proposed MSI model consists of 60 neurons per feature channel.
Restricted to six of the 4096 cores this scheme allows to synthesize
the MSI model with up to 21 feature channels. If more cores are
used, the amount of feature channels can readily be increased to
256; a limitation due to the convolution operation. Convolutions
over larger numbers of axons would need to be split over multiple
cores, however, this would require additional splitter neurons as
some input axons would be needed on different cores.

3. RESULTS

Simulation results of the rate-based and spike-based model
implementations for multisensory integration demonstrate
characteristic multisensory integration properties and indicate
near-optimal Bayesian inference of bimodal inputs.

In a first section, functional properties of the rate-based model
and the multisensory integration are examined. Multisensory
neurons are defined by their typical response behavior for
bimodal and unimodal inputs (as described in section 1). Hence,
in a first experiment we demonstrate the rate-base model’s
response behavior to multi- and unimodal inputs and investigate
how inputs with spatial offsets are integrated. In particular, we
test the response behavior for different stimulus intensities.

It has been shown that humans integrate signals from various
modalities in an optimal fashion (Ernst and Banks, 2002). Where
this integration exactly takes place is still under investigation.
Model results demonstrate that already sub-cortical regions
like the SC could integrate signals in a near optimal way
when provided with a cortical control signal. Therefore, after

presenting the characteristic response properties of multisensory
integration neurons, we test the model’s ability to integrate
bimodal signals in a Bayes optimal fashion.

Having demonstrated that the rate-based model integrates
multisensory signals near-optimally, in the second section
we investigate the spike-based model implemented on IBM’s
neurosynaptic chip TrueNorth. In a first experiment, we
reproduce the multisensory integration response characteristics
to validate the correct functioning of the spike-based model. In a
last experiment, we present real world data to the model recorded
with neuromorphic hardware and evaluate its ability to integrate
these signals.

3.1. Rate-Based Model Simulations
All experiments in this section are conducted with the rate-
based model of multisensory integration. Simulation results
in the following are computed from responses of model SC
neurons after presenting the stimuli for 4,000 time steps. This
duration is sufficient for each neuron in the neuron population
to dynamically converge to its equilibrium membrane potential
of numerical integration of the state equations. We chose Euler’s
method with a step size of δt = 0.001 for numerical integration.
Model parameters for following simulations are chosen to fit a
variety of neurophysiological experiments (Meredith and Stein,
1996; Stein and Stanford, 2008). In particular, we focused on
the response characteristics of multisensory neurons, e.g., inverse
effectiveness, spatial principle, and sampled the parameter space
manually to achieve qualitatively similar results.
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In all, we test 6 distinct stimulus conditions (see Figure 3): To
demonstrate the importance of cortical feedback formultisensory
integration, in the first condition (solid black line in following
figures) all cortical inputs are absent (Ca = 0, Cv = 0), whereas
both sensory inputs (Sa, Sv) are active according to Equation
1. The second condition (solid orange line) is the multisensory
response for simultaneously active cortical and sensory inputs.
In the third and fourth conditions (solid pink and purple
line, respectively), both sensory inputs are present but only a
single unimodal cortical input is given to demonstrate that both
cortical unimodal signals are needed to facilitate multisensory
integration. In the fifth and sixth conditions (solid blue and
red lines, respectively), only unimodal sensory and unimodal

cortical inputs (either visual or audio) are present as a control
to show that the typical response characteristics emerge only for
bimodal inputs which is in line with neurophysiological findings
(Meredith and Stein, 1983; Meredith et al., 1992; Stein and
Stanford, 2008).

3.1.1. Inverse Effectiveness
An essential property of responses of SC neurons to multimodal
inputs is the inverse effectiveness of stimulus intensity. That
is, weak multimodal inputs create strong multisensory
enhancement, whereas strong multimodal inputs only produce
weak or no multisensory enhancement. To examine whether
our model exhibits this response property we present spatially

FIGURE 3 | Multisensory enhancement of MSI neurons. (A) Displays neuron activity over input intensities. Black and orange lines indicate presence of both input

modalities for sensory and cortical inputs (bimodal response). Orange lines indicates that cortical feedback is active whereas black lines shows responses when the

feedback is turned off. Pink and purple lines indicate both sensory inputs present with cortical visual and audio input off, respectively. Blue and red lines show

unimodal inputs that is only visual and auditory sensory and cortical inputs, respectively. Black dashed line is the sum of the unimodal inputs (red and blue lines). (B)

Displays the additivity index over input intensities. It is calculated by the bimodal response divided by the sum of the two unimodal response strengths. Orange and

black lines are the same conditions as in (A). Plot (C) shows the additivity index over input intensities for several λ parameter values (fading orange lines) and cortical

feedback projections off (black). (D) Displays the additivity index for the different values of λ. Right panel (E) displays a summary of responses taken from model

neuron i = 8 of the spatial principle experiment (Figures 4, 7). The x-axis shows response enhancement of model neuron’s responses. Positive values represent

cross-modal enhancement whereas negative values indicate cross-modal suppression. The y-axis depicts the response additivity of the model neuron. Positive and

negative values represent super- and sub-additivity, respectively. Orange dots indicate active cortical feedback projections. Black dots denote cortical feedback

deactivated. Each dot corresponds to a certain input intensity, spatial offset value and randomly chosen value of σsa and σsv of input uncertainty in range [0.5, 5].
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aligned auditory and visual inputs at location i to the model and
measure the response of a representative neuron with receptive
field centered at location i. Input intensities (Iz in Equation 1)
are varied and a total of 11 intensities equally spaced in range
[0, 1] are tested. The responses of the neuron as a function
over intensities are depicted in Figure 3A. For input intensities
lower than 0.55 the multisensory response is stronger than
the sum of the responses to unimodal inputs. In contrast, for
input intensities higher than 0.55 the neuron response is weaker
than the sum. This property only emerges for conditions where
both cortical inputs are present. If one or both of them are not
present, the response of the model neuron is constantly below
the sum of responses to unimodal sensory stimulation (purple
and pink line). Thus, no multisensory enhancement takes place.
The neuron parameter λ in Equation (2) controls the effect of the
cortical projections and thus directly influences the multisensory
enhancement of the neuron (see Figures 3C,D). This effect
can be quantified by the additivity index which is defined as
the ratio of the bimodal response to the sum of responses for
unimodal inputs ( M

V+A , where M is the multisensory response
for active cortial projections, V unimodal visual response and
A unimodal auditory response). An additivity index of 1 means
the response for bimodal inputs is exactly as strong as the
sum of both unimodal responses (see Meredith and Clemo,
1989 for details). Index values above 1 indicate super-additivity
whereas index values below 1 indicate sub-additivity. The
model neuron exhibits super-additivity for low input intensities
and sub-additivity for high input intensities (see Figure 3B).
Thereby, it exhibits inverse effectiveness response characteristics
of multisensory neurons.

3.1.2. Spatial Principle
The spatial principle of multisensory integration is commonly
described by the inhibition of a stimulus in one modality by

a stimulus of the other modality outside the receptive field of
the neuron. Such a spatially separated stimulus combination
not just leads to a reduction in the multisensory enhancement
of the neuron but even to a suppression of its response. This
suppression is usually ascribed to the Mexican hat shape of
the receptive field. Our network model shows similar properties
that emerge merely from the network dynamics (see Figure 4).
The suppression of responses for spatially separated bimodal
stimuli is facilitated by the feedforward inhibition of inputs in
the network. In particular, the coupling of the absence of a
spatial convolution kernel for excitatory inputs to SC neurons
and the presence of such a spatial convolution for feedforward
inhibitory inputs lead to a reduced activity of SC neurons outside
the receptive field. The inhibition imposed by the spatially
offset unimodal input still effects neighboring neurons whereas
the direct excitatory does not. For bimodal stimuli with no
spatial offset the network response is equal to the one shown in
the previous experiment. However, for increasing spatial offset
values (measured in σ of input Gaussian) the multisensory
enhancement effect decreases (decreasing additivity index). For a
stimulus with 3σ offset, the multisensory response is suppressed
and lower than the unimodal response. This can also be seen in
the additivity index curve that is below 1 at this offset. For offset
values larger 3σ the suppression vanishes and the multisensory
response is equal to the unimodal response, thus having an
additivity index of 1.

3.1.3. Interactions Among Within-Modality Inputs
Neurophysiological studies have shown that multisensory
neurons exhibit multisensory enhancement and inverse
effectiveness only for bimodal inputs but not for multiple
unimodal inputs (Alvarado et al., 2007b). In addition, the
authors demonstrated in another study that the cortical
projections only modulate multisensory but not unisensory

FIGURE 4 | Spatial principle of MSI neurons. Upper row (A) displays the audio (red) and visual (blue) inputs to the model over spatial locations with increasing offset

values. Middle row (B) shows the responses of rate-based model neuron i = 8 over input intensities for corresponding audio and visual inputs as given in the first row.

Color code of lines is the same as in Figure 3. Bottom row (C) depicts the additivity index of the same model neuron i = 8 over input intensities.
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integration (Alvarado et al., 2007a). Thus, in a third experiment
we investigate model responses for two unimodal (auditory)
inputs. In this simulation, we assume model input Sv to represent
a second auditory stimulus (Audio Input B) and the visual
cortical input Cv to be 0. We simulate two auditory inputs with
activated auditory cortical projections but without visual cortical
activity. Model responses for a combination of within-modal
stimuli are higher than for a single unimodal input but show
almost no super-additivity, expect for low intensity inputs
(Figure 5). When one of the stimulus is moved outside the
receptive field of the neuron, the combined response activity
becomes lower than the response for a single unimodal input.
This can be ascribed to a within-modal suppression (Alvarado
et al., 2007b).

3.1.4. Cortical Modulatory Projections
Cortical projections from association areas FAEs and AEv to the
SC seem to have a crucial role in the multisensory integration
behavior of MSI neurons and their response properties. For
example, it has been shown that when these connections are
removed or the corresponding cortical areas are deactivated,
multisensory response properties in the SC vanish (Jiang et al.,
2001; Alvarado et al., 2007a, 2009). We model these connections
with modulatory input to the SC neuron that originates from
a cross-modal inhibition circuit located in the cortex. That
circuit ensures that only when a cross-modal stimulus is present
the SC neuron receives modulatory inputs. Without such an

input multisensory enhancement of SC neurons vanishes (see
Figure 3B black line) and their response is very similar to
responses for unisensory inputs. To investigate the role of cortical
inputs in more detail we calculate the response enhancement
(M − max(V ,A))/(M + max(V ,A)) that defines cross-modal
enhancement and suppression for positive and negative values,
respectively, and the response additivity (M − (V + A))/(M +
(V + A)) · 100 that indicates super-additivity and sub-additivity
for positive and negative values, respectively (see Avillac et al.,
2007 for details). Only if the cortical inputs are active, multi-
modal enhancement and super-additivity can be observed (see
Figure 3E).

3.1.5. Multisensory Inference
Several studies have shown that when multimodal sensory cues
are simultaneously available, humans integrate these cues based
on the reliability of each cue (Ernst and Banks, 2002). Thereby,
human observers perform a weighted linear combination of cues
from different sensory perceptions to maximize the certainty of
the fused signal. The weight associated to a cue is proportional to
the relative reliability of the perception of the corresponding cue.
For example, estimating the size of an object by a combination
visual and haptic sensory perceptions is usually based on the
visual input. However, once visual input is blurred, thus the
reliability of the perception is decreased, humans rely more
on their haptic estimate (Ernst and Banks, 2002). By taking
the reliability of the sensory perception as a weight in the

FIGURE 5 | Within modality responses. Upper row (A) displays the audio A (red) and audio B (light red) inputs to the model over spatial locations with increasing offset

values. Middle row (B) shows the responses of model neuron i = 8 over input intensities for corresponding unimodal inputs as given in the first row. Orange lines

indicates combined response. Red line shows the response for audio input A, light red line for audio input B. Bottom row (C) depicts the additivity index of the same

model neuron i = 8 over input intensities.
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integration process, humans perform optimal Bayesian inference
for multisensory stimuli.

On which level in the processing hierarchy this inference takes
place is not fully understood yet. Some researches argue that it is a
rather high level cognitive process located in and between cortical
areas (Kayser and Shams, 2015; Rohe and Noppeney, 2015).
However, model simulations and neurophysiological recordings
indicate that already on a level of two neural populations,
Bayesian inference can take place (Ma and Pouget, 2008; Beck
et al., 2012; Pouget et al., 2013). In our model we assume
a combination of low level subcortical dynamics that provide
a basis for cue integration together with high level cortical
integration processes that facilitate subcortical near optimal
multisensory integration.

To demonstrate that this network structure allows our model
to perform for near-optimal Bayesian inference we conduct
a multisensory integration simulation experiment of auditory
and visual inputs. For that, we define for each modality a
normal distribution of stimuli location with a specific mean
(auditory stimulus distribution’s mean: µa = [8, 14.5], visual
stimulus distribution’s mean: µv = [5, 8]) and variance (auditory
stimulus distribution’s variance: σa = [0.5, 3.0], visual stimulus
distribution’s mean: σa = [0.5, 3.0]) and draw a sample location
of a visual and auditory stimulus, respectively, from these
distributions (Figure 6A). This location of audio and visual
stimuli is then applied as input to themodel, i.e., defines location i

for a visual and auditory stimulus independently (Figure 6B).We
independently draw a visual and auditory stimulus, respectively,
200 times from two distributions that have different mean and
variance values. For each draw we present the two stimuli to
the model, compute its responses and calculate the maximum of
this response. We use only the maximum of the distribution to
model a maximum-likelihood approach of choosing the stimulus
location which has been previously observed in humans (Ernst
and Banks, 2002). Taking together all maximum values over
draws in a histogram results in a posterior distribution with a
mean and variance value of model responses for a given stimuli
set (see Figures 6C,E). The real posterior (see Figure 6D) of the
combination of the two given distributions can be determined

analytically with meanµCP = µa ·wa+µv ·wv, withwa =
1

σ2a
1

σ2a
+ 1

σ2v

and wv =
1

σ2v
1

σ2a
+ 1

σ2v

, as well as variance σCP = σ 2
v ·σ 2

a

σ 2
v +σ 2

a
.

We show the model’s inference capability by comparing it’s
response with calculated mean and variance of the stimulus
input (see Figures 6G,H). Two conditions are tested, cortical
feedback on and off. For a fair comparison only model responses

that show a single peak (fused responses) are considered.

Model and analytical calculated mean are similar under both

conditions. However, the cortical feedback allows for a more
precise computation of the inferred variance. The variances of

FIGURE 6 | Bayesian inference experiment. Plot (A) displays the stimuli distributions for visual (blue) and audio (red) inputs, respectively, from which stimuli are

sampled. Plot (B) represents an example of a single sample with stimuli for audio and visual inputs to the MSI neuron. Plot (C) depicts the model response for this

single sample. The histogram in plot (D) is calculated analytically from the input distributions in plot (A). The histogram in plot (E) is calculated from the model

response over all samples. The probability of event fusion (single peak in model response) is given over spatial offset values in (F). Dots represent mean values over

several simulations with cortical feedback on (orange dots) and cortical feedback off (black dots). Sigmoid functions are fitted to the dots for better visualization. Active

cortical feedback enables higher probability of event fusion over spatial offsets compared to inactive cortical feedback. Plot (G) compares the means of model

responses vs. the analytically calculated means of the samples drawn as described in left panel. (H) Displays model variance values vs. computed variance values.

Orange dots indicate active cortical feedback whereas black dots indicate cortical feedback off. Dashed line indicates perfect model behavior.
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model responses without cortical feedback has a higher offset and
increases dramatically for large input variances. In contrast, with
cortical feedback this increment is smaller and there is almost
no offset.

The nervous system can combine two events from different
modalities to form a combined single percept of the event. Under
what conditions such a mandatory cue fusion takes place has
been investigated thoroughly (Hillis et al., 2002). One crucial
factor for event fusion is the spatial discrepancy between the
different modalities. If an auditory event origins from the same
or similar location as a visual event, it is likely to be fused
to a single event. However, when the spatial offset between
the two events increases the likelihood of perceiving a single
event decreases (Andersen et al., 2004; Stevenson and Wallace,
2013). We investigate this behavior for our model by calculating
the percentage of samples where a single event (one peak in
response, mandatory fusion) has been detected in contrast to
samples where two events (multiple peaks in response, no fusion)
are present (see Figure 6F). The probability of event fusion is
constantly higher for activate cortical projections than without.

3.2. Spike-Based Model Simulations
Simulation experiments in this section are conducted with
the spike-based model implementation on the TrueNorth
neurosynaptic chip. Since implementation of the model on
this chip is fundamentally more complex than the rate-
based variant, we first demonstrate similar behavior of the
two implementations by presenting the same stimulus set of
increasing input intensities as for the rate-based model in section
3.1.1. Typical response characteristics of MSI model neurons can
be observed for the spiking model implementation (Figure 7).
For low intensity inputs the bimodal response is greater than
the sum of the two unimodal inputs (super-additivity). For
increasing intensities this enhancement is reduced until the
bimodal response is lower than the sum of the two bimodal inputs
(sub-additivity). Thereby, the spike-based model demonstrates
inverse effectiveness of MSI neurons.

We conduct the following simulation experiment to
demonstrate the model’s ability to cope with real world
event-based sensory input data.

Inputs to the model are generated by a neuromorphic vision
sensor (DVS) (Lichtsteiner et al., 2006) and an artificial neural
implementation of functions of a cochlea. Sounds are recorded
from 19 locations equally spaced in azimuthal range [−90, 90]◦

via two microphones placed inside the right and left ear canal
of human-like shaped ears on a dummy head as depicted in
Figure 8A. The device can turn around its longitudinal axis to
create a relative displacement of the sound source location in the
horizontal plane. The distance to the speaker (standard speaker)
remains constant (1m) during movement (Figure 8B). We
choose the sound of a vacuum cleaner for real world recordings.
The presented sound type is a monaurally recorded sound of
a vacuum cleaner. This sound was presented for azimuthal
head directions of [−90,−70,−50,−30,−10, 10, 30, 50, 70, 90]◦

and 0◦ elevation. It was played back from the speaker and
recorded in stereo with the two in-ear microphones for the
duration of the sound. All recordings were done in a sound

FIGURE 7 | Inverse effectiveness of spiking MSI neuron implementation. (A)

Displays spike-based neuron activity over input intensities. Black and orange

lines indicate presence of both input modalities for sensory and cortical inputs

(bimodal response). Color code as in Figure 3. (B) Displays the activity index

over input intensities. It is calculated by the bimodal response divided by the

sum of the two unimodal response strengths. Orange and black lines are the

same conditions as in (A).

attenuated room. Subsequently, a bank of gammatone-filters
is separately applied to these recordings of the right and left
ear, thus creating spectrograms with 64 frequency channels
resembling the output of the cochlea. Each spectro-temporal
bin in the spectrogram is converted to a spike train and fed to
a spiking neural network model of the lateral superior olivary
(LSO) complex for computation of interaural level differences
(ILD). Output of LSO model neurons is averaged over frequency
bands. The weight channel of the left hemispherical output with
maximum activity is subtracted from the weight channel of the
right hemispherical output with maximum activity. This leads to
a combined response of the left and right hemisphere over the
entire range of perceived ILD values. Subsequently, this signal is
converted to a one-dimensional estimate of spatial activations of
sound sources by a set of 19 radial basis functions (RBFs). These
functions are tuned to a specific response rate of LSO neurons,
thus encoding a unique spatial location in range [−90◦,+90◦] in
10◦ steps from the rate of LSO neurons (see Oess et al., 2020b for
a detailed description of this preprocessing).

Videos are recorded of a stationary tea cup placed at evenly
spaced positions (range [−27,+27]cm in 3cm steps) in front
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FIGURE 8 | Device and setup for real world sound recordings. (A) Shows the 3D printed, anatomical correct replication of a human head and ears. In the ears, ∼2 cm

inside the ear canal, standard microphones are placed for recording. The head is controlled by two servo motors, one for turning around the longitudinal axis

(azimuth), the other for turning around the frontal axis (elevation). All sounds are recorded for 0◦ elevation (head facing the speaker) and different azimuth directions.

(B) Shows the setup for the recordings. The head is centered 1m in front of a standard speaker and can rotate around its longitudinal axis from θ = −90◦ to θ = 90◦

with a minimal step increment of 1◦.

of the camera (distance 177cm). The cup’s positions in all
videos combined span the complete horizontal field of view of
the camera. To ensure that stationary contrasts are detected
the mirror setup of Löhr and Neumann (2018) is used which
adds random tremor to the DVS’s optical axis. A Gaussian
subsampling scheme reduces the visual input of 128× 128 pixels
to 1 × 19 neurons, which relate to azimuthal direction. These
neurons resemble those in superficial layers of superior colliculus
and directly serve as visual sensory inputs to the MSI model.

Visual and auditory real world stimuli with increasing spatial
offsets are presented to the model as sensory inputs. Audio and

visual cortical inputs are simulated as described in Equation
(1) and follow their corresponding sensory counterpart over

spatial offsets. That is, their mean is set to the location of
the maximum sensory response of the real world input. For

small spatial offsets the two stimuli are integrated and a single
peak in the model response is present (Figure 9A). We take
this as an indication that multisensory fusion takes place and
a single event is perceived. For increasing spatial offsets (>12
cm) the model response without feedback shows two separate
peaks. This indicates that no integration takes place anymore
and two separate events are perceived. The offset value for
which this change of perception takes place changes with
active cortical feedback projections (>18 cm). This demonstrates
that cortical feedback facilitates larger offsets for which two
stimuli are fused to a single percept. For an offset of >30 cm
multisensory enhancement vanishes and responses for activated
and deactivated cortical feedback projections are similar.

To test whether this reduction in multisensory enhancement

is due to the spatial offset of sensory inputs or cortical inputs,

the location of the cortical projections is fixed at the location
of the auditory input (−9 cm) over all offset values. Thereby,

only sensory inputs at this location receive modulatory cortical
feedback (Figure 9C). The visual stimulus is shifted away from
the auditory stimulus which leads to the perception of two
different events for offset values larger than 12 cm (cortical
feedback projections inactive) or 18 cm (cortical feedback
projections active). This is similar to responses in Figure 9B.
However, multisensory enhancement is maintained even when
the visual input is shifted further away from this location. For
offset value of 30 cm multisensory enhancement is still present
at the location of the auditory stimulus whereas for the visual
stimulus such an enhancement does not take place, as can be seen
in Figure 9D.

4. DISCUSSION

We introduced two implementations of a neural model
simulating functions of SC neurons for integration of audio-
visual signals. The model incorporates modulatory cortical
feedback connections to facilitate enhancement of multisensory
signals. The rate-based implementation of the model and its
responses were evaluated in various simulation experiments and
we demonstrated the importance of cortical feedback projections
for near-optimal integration of signals. Furthermore, the
spike-based model implementation on neuromorphic hardware
showed its capability of integrating real world spike inputs from
neuromorphic sensors.

4.1. Multisensory Integration
Typical multisensory neurons show response enhancement
for multimodal stimuli that arrive in temporal and spatial
coincidence (Meredith and Stein, 1996). Previous studies report
that this property only arise for enabled cortical feedback
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FIGURE 9 | Spatial fusion for spiking MSI neurons. Upper row (A) displays the audio (red) and visual (blue) real world inputs to the model over spatial locations with

increasing offset values. The inputs originate from LSO model and camera recordings. Offset is given in evenly spaced displacement of stimuli in cm. Row (B) shows

multisensory response rates of spike-based model neurons over spatial locations for corresponding audio and visual inputs as given in the first row. Orange lines

indicate cortical feedback. Black lines indicate cortical feedback off. Spatial locations are given in cm. Note that the offsets are not equally distributed in the figure due

to spatial constraints. We choose to display only offsets for responses that are substantially different. Row (C) shows multisensory response rates of spike-based

model neurons as in row (B). However, in contrast to (B), visual and auditory cortical feedback locations are fixed to the location of the auditory sensory stimulus (0

cm). The lower row (D) displays the difference between response rates in (B,C) for active cortical feedback projections.

projections (Stein et al., 1983; Wallace and Stein, 1994; Jiang
et al., 2001; Alvarado et al., 2007b). Our model results
replicate such observations and show that response enhancement
can vary with the gain of the modulatory cortical feedback
projections controlled by λ parameter (Equation 2) in the model
(see Figures 3D,E). Thus, the gain of how neurons integrate
modulatory feedback could explain the observed variety of
multisensory enhancement in responses of SC neurons as has
been observed previously (Kadunce et al., 2001). Without cortical
projections the response to multisensory input remains sub-
additive (see Figure 3B) even for high input intensities. Such
cortical projections are only activated when both modality
specific cortical signals are active. If only one cortical region is
active multisensory response properties vanish. This is in line
with findings in cats, where multisensory integration disappears
for deactivated cortical areas (Meredith and Clemo, 1989;
Alvarado et al., 2009). In our model, this is achieved with a
specially designed cortical cross-modal forward inhibition circuit
in the feedback projections (see Equation 9).

Furthermore, the model follows the previously described
spatial principle of MSI neurons (Meredith and Stein, 1996) (see
section 1 for definition) by suppressing responses for bimodal
stimuli with large spatial offsets. We would like to point out
that this suppression is achieve merely by dynamic interactions
between the pool normalization, the feedforward inhibition and
excitation of sensory neurons, thus implicitly creating a center
surround receptive field of MSI neurons.

4.1.1. Bayesian Inference
Several investigations show that afferent connections from
cortical regions to the SC are necessary for multisensory
integration (Alvarado et al., 2007a, 2008, 2009). However, the
functional purpose of such feedback projections is still unclear.
Our Simulation experiments show that multisensory integration
of two input signals in a near-optimal Bayesian way appears only
when cortical feedback projections are active. The variance of the
integrated signal is substantially similar to the computed, optimal
value for active projections than compared to responses without
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these projections (see Figure 6G). This is especially true for larger
spatial offsets of the two input stimuli (see Figure 6F). Thus, we
hypothesize that one purpose of cortico-collicular feedback is
to facilitate optimal integration of multimodal signals and that
such an optimal integration might already happen on the level
of the SC. Presented model variance values (Figure 6H) exhibit
an offset for higher variance values which we assume to result
from the static size of the receptive field of model neurons and
could be compensated with a dynamically changing receptive
field depending on sensory certainty.

4.2. Neuromorphic Implementation
We demonstrated that the proposed model architecture is
suitable for robotic applications by implementing it on a real-
time neuromorphic processing chip. Preliminary results for
real world spike recordings obtained by neuromorphic sensory
hardware suggest that the model is robust and capable of
integrating real world multisensory signals. It was shown that
the model’s ability to fuse two modalities into a single percept
changes with cortical feedback projections. This supports the
hypothesis that cortex plays a crucial role in determining whether
two stimuli belong to the same event or if they represent two
separate events. This is further investigated in a last experiment
in which the cortical feedback signals are fixed to the location
of the auditory sensory input while the visual sensory input
is spatially shifted. The response enhancement remains at the
auditory location even if the sensory visual input is not present
anymore. This can be interpreted as an increased cortical focus
for this specific location. Thus, cortical projections might be
controlling the mandatory fusion range of multisensory neurons
and in addition serve as a spatial attention signal, as has been
suggested by McDonald et al. (2001), Mozolic et al. (2008), and
Talsma et al. (2010).

In future experiments, we are planning to implement such a
spatial attention mechanism in order to selectively choose which
multisensory signals should be enhanced. We believe that this
could be accomplished by a more sophisticated cortical feedback
signal with spatial properties different than the perceived
sensory inputs.

4.3. Comparison to Other Models for
Multisensory Integration
Several models that account for multisensory integration in the
colliculus of different granularity and focus have been suggested
over the years. Some of them try to explain the various response
properties of MSI neurons (Anastasio and Patton, 2003; Ursino
et al., 2017) whereas others focus more on the biological detailed
architecture (Cuppini et al., 2011, 2017; Casey et al., 2012). In
the following, we will describe two of them and point out their
strengths and weaknesses compared to our presented model.

In Rowland et al. (2007), the authors presented an algebraic
and compartmental model of multisensory integration that
incorporate cortico-collicular projections and try to explain the
existence of AMPA and NMDA receptors in MSI neurons. Their
goal was to reproduce a variety of physiological findings without
paying much attention to the underlying biological anatomy and
structure. Like our model, the authors are able to reproduce

several MSI characteristics like multisensory enhancement,
inverse effectiveness and super- and sub-additivity. In addition
to our presented results, they also demonstrate the MSI neuron
dependence on NMDA receptors and the temporal window of
integration of their model. However, they did not present any
results that indicates a Bayesian optimal integration of the signals.

Another approach is taken by Ohshiro et al. (2011) and
their normalization model in which they show that many of
the MSI response characteristics can be achieved by a pool
normalization of the neuron output. Their model assumes MSI
neurons that integrate signals according to a linear weighted sum
with different input weights across modalities and neurons. In
addition to the replication of MSI characteristics, the authors
performed a virtual experiment of vestibular-visual integration
task with their model and provided data that closely resembles
findings in monkeys. Despite the profound analysis of their
model and resemblance of experimental data, the authors neglect
cortical projections to MSI neurons entirely.

4.4. Limitations of the Model
As we have shown, the two proposed model implementations
using rate-based and spike-based encoding are both able to
replicate several physiological findings, predict the purpose of
cortical modulatory projections and are capable of reliably
processing real world spiking data. One of the drawbacks of the
current implementations is the lack of any learningmechanism in
the process. The model assumes that all connections are already
established and inputs are spatially aligned, even though, studies
show thatmultisensory integration emerges duringmaturation of
the nervous system by a constant exposure to multimodal signals
(Wallace and Stein, 1997). This long term exposure influences
how and to what extent multisensory integration takes place.
This limitation in our model could be tackled by incorporating
a Hebbian correlation learning mechanism between the cortical
feedback projections and MSI neurons as well as the inputs
of the model. The current assumption that the two modalities
are spatially aligned is a strong constraint and simplifies the
model architecture but is not biologically plausible. We are
confident that this can be overcome with a previously proposed
architecture of spatial map alignment of visual and auditory
inputs (Oess et al., 2020a).

4.5. Outlook
The proposed model implementations of MSI neurons set a
solid basis for future investigations. One important question we
are planning to investigate is the role of the cortical feedback.
One plausible hypothesis is that the feedback projections can
be controlled by an attention mechanism to set special focus
on a particular region and thereby enhances signals at that
spatial location. This is an essential mechanism when conflicting
events are present. In addition, the spike-based implementation
of the model on neuromorphic hardware is an important step
toward a real-time capable robotic platform. This platform will
be equipped with audio and visual sensory hardware which
directly communicates with the neuromorphic processing chips
via spike trains, thereby creating a complete neuromorphic
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system from the sensory perception to decision making and
action execution.
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