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Abstract

The computational modelling of the primary auditory cortex (A1) has been less
fruitful than that of the primary visual cortex (V1) due to the less organized prop-
erties of A1. Greater disorder has recently been demonstrated for the tonotopy of
A1 that has traditionally been considered to be as ordered as the retinotopy of V1.
This disorder appears to be incongruous, given the uniformity of the neocortex;
however, we hypothesized that both A1 and V1 would adopt an efficient coding
strategy and that the disorder in A1 reflects natural sound statistics. To provide a
computational model of the tonotopic disorder in A1, we used a model that was
originally proposed for the smooth V1 map. In contrast to natural images, natural
sounds exhibit distant correlations, which were learned and reflected in the disor-
dered map. The auditory model predicted harmonic relationships among neigh-
bouring A1 cells; furthermore, the same mechanism used to model V1 complex
cells reproduced nonlinear responses similar to the pitch selectivity. These results
contribute to the understanding of the sensory cortices of different modalities in a
novel and integrated manner.

1 Introduction

Despite the anatomical and functional similarities between the primary auditory cortex (A1) and the
primary visual cortex (V1), the computational modelling of A1 has proven to be less fruitful than V1,
primarily because the responses of A1 cells are more disorganized. For instance, the receptive fields
of V1 cells are localized within a small portion of the field of view [1], whereas certain A1 cells have
receptive fields that are not localized, as these A1 cells demonstrate significant responses to multiple
distant frequencies [2, 3]. An additional discrepancy that has recently been discovered between these
two regions relates to their topographic structures, i.e., the retinotopy of V1 and the tonotopy of A1;
these structures had long been considered to be quite similar, but studies on a microscopic scale have
demonstrated that in mice, the tonotopy of A1 is much more disordered [4, 5] than the retinotopy
of V1 [6, 7]. This result is consistent with previous investigations involving other species [8, 9],
suggesting that the discrepancy in question constitutes a general tendency among mammals. This
disorderliness appears to pose significant difficulties for the development of computational models
of A1.

A number of computational modelling studies have emphasized the close associations between V1
cells and natural image statistics, which suggests that the V1 adopts an unsupervised, efficient coding
strategy [10]. For instance, the receptive fields of V1 simple cells were reproduced by either sparse
coding [11] or the independent component analysis [12] of natural images. This line of research
yields explanations for the two-dimensional topography, the orientation and retinotopic maps of
V1 [13, 14, 15]. Similar efforts to address A1 have been attempted by only a few studies, which
demonstrated that the efficient coding of natural, harmonic sounds, such as human voices or piano
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recordings, can explain the basic receptive fields of A1 cells [16, 17] and their harmony-related
responses [18, 19]. However, these studies have not yet addressed the topography of A1.

In an integrated and computational manner, the present paper attempts to explain why the tonotopy
of A1 is more disordered than the retinotopy of V1. We hypothesized that V1 and A1 still share an
efficient coding strategy, and we therefore proposed that the distant correlations in natural sounds
would be responsible for the relative disorder in A1. To test this hypothesis, we first demonstrated
the significant differences between natural images and natural sounds. Natural images and natural
sounds were then each used as inputs for topographic independent component analysis, a model that
had previously been proposed for the smooth topography of V1, and maps were generated for these
images and sounds. Due to the distant correlations of natural sounds, greater disorder was observed
in the learned map that had been adapted to natural sounds than in the analogous map that had
been adapted to images. For natural sounds, this model not only predicted harmonic relationships
between neighbouring cells but also demonstrated nonlinear responses that appeared similar to the
responses of the pitch-selective cells that were recently found in A1. These results suggest that the
apparently dissimilar topographies of V1 and A1 may reflect statistical differences between natural
images and natural sounds; however, these two regions may employ a common adaptive strategy.

2 Methods

2.1 Topographic independent component analysis

Herein, we discuss an unsupervised learning model termed topographic independent component
analysis (TICA), which was originally proposed for the study of V1 topography [13, 14]. This
model comprises two layers: the first layer ofN units models the linear responses of V1 simple
cells, whereas the second layer ofN units models the nonlinear responses of V1 complex cells, and
the connections between the layers define a topography. Given a whitened input vectorI(x) ∈ Rd

(here,d = N ), the input is reconstructed by the linear superposition of a basisai ∈ Rd, each of
which corresponds to the first-layer units

I =
∑
i

siai (1)

wheresi ∈ R are activity levels of the units or model neurons. Inverse filterswi to determinesi can
typically be obtained, and thussi = ITwi (inner product). Using the activities of the first layer, the
activities of the second-layer unitsci ∈ R can be defined as follows:

ci =
∑
j

h(i, j)s2j (2)

whereh(i, j) is the neighbourhood function that takes the value of1 if i and j are neighbours
and is0 otherwise. The neighbourhood is defined by a square window (e.g.,5 × 5) in cases of
two-dimensional topography. The learning ofwi is accomplished through the minimization of the
energy functionE or the negative log likelihood:

E = − logL(I; {wi}) = −
∑
i

G(ci) (3)

∆wi ∝

⟨
Isi

∑
j

h(i, j)g(cj)

⟩
(4)

whereG(ci) = −
√
ϵ+ ci imposes sparseness on the second-layer activities (ϵ = 0.005 for the

stability), andg(ci) is the derivative ofG(ci). The operator⟨· · · ⟩ is the mean over the iterations.

2.1.1 An extension for overcomplete representation

Ma and Zhang [15] extended the TICA model to account for overcomplete representations (d < N ),
which are observed in the V1 of primates. In this extension, inverse filters cannot be uniquely de-
fined; therefore, a set of first-layer responsessi to an input is computed by minimizing the following
extended energy function:
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Figure 1:Local correlations in natural images and distant correlations in natural sounds.(A)
The correlation matrix of image strips (right) demonstrated only local correlations (∼ 6◦) in the field
of view (∼ 120◦). (B) The correlation matrix of the human voice spectra (right) demonstrated not
only local correlation but also off-diagonal distant correlations produced by harmonics.

E = − logL(I; {ai}, {si}) =

∣∣∣∣∣I −
∑
i

siai

∣∣∣∣∣
2

− λ
∑
i

G(ci) (5)

∆si ∝ aT
i

I −
∑
j

sjaj

− λsi

∑
j

h(i, j)g(cj)

 (6)

whereλ is the relative weight of the activity sparseness, in accordance with sparse coding [11]. The
initial value ofsi is set equal to the inner product ofI andai. Every 256 inputs, the basis is updated
using the following gradient. In this study, we used the learning rateη = 0.08.

∆ai = η

⟨
si

I −
∑
j

sjaj

⟩
(7)

2.2 The discontinuity index for topographic representation

To compare the degrees of disorder in topographies of different modalities, we defined a discontinu-
ity index (DI) for each pointi of the maps. Features defining a topographyf(i) (e.g., a retinotopic
position or a frequency) were normalized to the range of[0, 1]. Featuresf(j) within the neighbour-
hood of theith unit defined byh(i, j) were linearly fitted using the least squares method, and the DI
value ati was then determined using the following equation:

DI(i) =

√∑
j h(i, j)r(j)

2

NNB
(8)

wherer(j) is the residual error of linear regression atj andNNB is the number of units within a
neighbourhood window. If the input space is a torus (see Section 3.3), another DI value is computed
using modifiedf values that are increased by1 if they were initially within [0, 1

2 ), and the smaller
of the calculated DI values is used.

3 Results

3.1 Correlations of natural images and natural sounds

Given that V1 is supposed to adapt to natural images and that A1 is supposed to adapt to natural
sounds, the first analysis in this study simply compared statistics for natural images and natural
sounds. The natural images were taken from the van Hateren database [20] and were reduced four
times from their original size. Vertical arrays of 120 pixels each were extracted from the reduced
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Figure 2:The ordered retinotopy and disordered tonotopy.(A) The topography of units adapted
to natural images. A small square indicates a unitai (grey: 0; white: max value). (B) The dis-
tributions of DI for the two topographies. (C) The topography of spectro-temporal units that have
been adapted to natural sounds. (D-F) The retinotopy of the visual map (D) is smooth, whereas the
tonotopy of the auditory map (F) is more disordered, although global tonotopy still exists (E).

images, each of which covered approximately8◦ ( 1
15 of the vertical range of the human field of

view). Figure 1A (right) illustrates the correlation matrix for these images, which is a simple struc-
ture that contains local correlations that span approximately6◦. This result was not surprising, as
distant pixels typically depict different objects.

For natural sounds, we used human narratives from the Handbook of the International Phonetic
Association [21], as efficient representations of human voices have been successful in facilitating
studies of various components of the auditory system [22, 23], including A1 [16, 17]. After these
sounds were downsampled to 4 kHz, their spectrograms were generated using the NSL toolbox
[24] to approximate peripheral auditory processing. Short-time spectra were extracted from the
spectrograms, each of which were 128 pixels wide on a logarithmic scale (24 pixels = 1 octave).
Note that the frequency range (> 5 octaves) spans approximately half of a typical mammalian
hearing range (∼ 10 octaves [25]), whereas the image pixel array spans only1

15 of the field of view.

Figure 1B illustrates the correlation matrix for these sounds, which is a complex structure that incor-
porates distant, off-diagonal correlations. The most prominent off-diagonal correlation, which was
just 1 octave away from the main diagonal, corresponded to the second harmonic of a sound, i.e.,
frequencies at a ratio of 1:2. Similarly, other off-diagonal peaks indicated correlations due to higher
harmonics, i.e., frequencies that were related to each other by simple integral ratios. These distant
correlations represent relatively typical results for natural sounds and differ greatly from the strictly
local correlations observed for natural images.

3.2 Greater disorder for the tonotopy than the retinotopy

To test the hypothesis that V1 and A1 share a learning strategy, the TICA model was applied to
natural images and natural sounds, which exhibit different statistical profiles, as discussed above.
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