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Abstract. Information maximization has long been suggested as the underlying coding strategy of the primary
visual cortex (V1). Grouping image sequences into blocks has been shown by others to improve agreement between
experiments and theory. We have studied the effect of temporal convolution on the formation of spatiotemporal
filters—that is, the analogues of receptive fields—since this temporal feature is characteristic to the response function
of lagged and nonlagged cells of the lateral geniculate nucleus. Concatenated input sequences were used to learn the
linear transformation that maximizes the information transfer. Learning was accomplished by means of principal
component analysis and independent component analysis. Properties of the emerging spatiotemporal filters closely
resemble the three major types of V1 cells: simple cells with separable receptive field, simple cells with nonseparable
receptive field, and complex cells.
Keywords: sign-changing filters, complex filters, temporal convolution, temporal sequences, independent component analysis

1.

Introduction

It has been argued (Attneave, 1954; Barlow, 1972;
Field, 1987) that the visual cortex may filter sensory
information with the help of factorial code. The used
filters would code independent properties of natural
scene ensembles. This issue is well studied in the primary visual cortex, which contains a large variety of
receptive fields (RFs). As it is widely known, most
of these RFs respond vigorously to elongated bars or
edges (Hubel and Wiesel, 1959). The factorial code
assumption is supported by recent computational advances. Several studies demonstrated that a variety of
information transfer optimizing algorithms give rise to

RF properties similar to those of simple cells of the
primary visual cortex. Sparse coding (Olshausen and
Field, 1996, 1997) and independent component (IC)
analysis (ICA) (Bell and Sejnowski, 1997) are the two
major methods to be mentioned here. ICA also seems
to be powerful in generating color opponent receptive fields (Tailor et al., 2000). Hateren and Ruderman
(1998) argue that IC analysis of temporal sequences
(TICA) instead of static images may result in even better similarities. They used natural images sequences
and grouped those into blocks. This way they could develop temporal filters, which are nonseparable alike to
spatiotemporal RFs found experimentally (DeAngelis
et al., 1993) and covered a range of spatial and temporal

242

Szatmáry and L orincz
´´

frequencies. From an information theoretic point of
view the idea of grouping inputs into blocks is appealing: it is known that combining (for example, concatenating) signals into larger groups may help cope with
the channel capacity constraints (Cover and Thomas,
1991). In other words, grouping may speed up the information flow. Biological considerations also support
the view that long-term memory formation is based on
the analysis of temporal sequences rather than using
only single inputs (Lisman and Idiart, 1995; Lisman,
1999).
In choosing among models, it is a falsifying issue for
the information maximization principle whether it can
produce all major types of RFs of the V1 or not. There
are two types of RFs that—to our knowledge—have
not yet been produced by a single algorithm working
with information maximization procedures: separable
time-dependent RFs that have optimal excitation that
changes sign in space and time (DeAngelis et al., 1993,
1999) and complex RFs (Sillito, 1979; Henry et al.,
1983; Hammond, 1991; Mignard and Malpeli, 1991;
Zigmund et al., 1999). The lack of the emergence of
these filters as a result of IC analysis could question the
importance of factorial coding.
According to the model of Wimbauer et al. (1997),
spatiotemporal filters bridging 100 ms or so can be
formed in the V1 because of the presence of four different input types that converge onto the cortical cells.
The four types of input correspond to nonlagged ON
and OFF inputs and lagged ON and OFF inputs. The
response function of nonlagged and lagged cells can be
estimated (Wimbauer et al., 1997) by using the power
spectrum of the cell response (Saul and Humphrey,
1990) and information theoretic principles (Dong and
Atick, 1995). The response function has heavy tails
(Cai et al., 1997), which may have a strong impact
on receptive field properties. This noninstantaneous response function corresponds to temporal convolution
(temporal smoothing) of inputs. Temporal convolution
of the visual information has to be considered in modeling receptive fields of V1. Another issue of spatiotemporal filter (STF) formation is the limitation of the number of computational units (cells) posed, such as by the
columnar organization. In this article STF formation
is studied as a function of the degree of temporal convolution and the number of available computational
units. Principal component analysis (PCA) (Pearson,
1901; Hotteling, 1933; Haykin, 1994) is used to decrease (compress) the number of computational units
available for information transfer. PCA was used here

in the same way as it was used by van Hateren and van
der Schaaf (1998). Elaborated examples of PCA applications can be found in the literature (Buchsbaum and
Gottschalk, 1983). Reducing the number of computational units corresponds the limited numbers of V1 cells
in micro-columns (Calvin, 1999) relative to the number
of converging lateral geniculate nucleus (LGN) cells.
This ratio is a function of cell type and topographical organization in V1. The present work extends the
preliminary study of L orincz
et al. (2000) and intends
´´
to offer some advances over other models of receptive
fields in V1.
2.

Methods

Static natural images and movies (i.e., image streams)
on a car moving on highway and in city traffic were
used in our work. For static images, inputs (x) were
formed by concatenating small windows placed to different position along a randomly chosen straight line on
a larger image. This case corresponds to a translating
gaze in a still environment. For image streams, inputs
(x) were constructed by concatenating small windows
placed to the same position but on consecutive images.
This case corresponds to fixed gaze in a moving environment. We note that the two data types (natural scene
and highway traffic) have different statistical properties. In both cases we used a window of 13 × 13 pixels
arranged on a hexagonal grid for sampling. Pixel values of the window (sampling points) were interpolated
from neighboring image pixels of the square grid of the
original image. The distance between nearest neighbor
pixels on the hexagonal grid and on the images were
approximately equal. This sampling method avoids artifacts that could arise for orthogonal grids (Olshausen
and Field, 1996). For both types of input generation inputs and input components can be indexed with time:
x(t) = (x(t), x(t − 1), . . . , x(t − n + 1)),
where n is the number of concatenated patches. In our
work n was 7, and therefore the dimension of x was
equal to 7 · 13 · 13 = 1183. The concept of input concatenation and input component arrangement are depicted in Fig. 1 for the case of translating gaze.
For the moving gaze case, the motion directions were
pooled with uniform distribution in the sampling procedure. For the moving environment case, the position
of the filter at the first frame was randomly chosen and
then remained constant.
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Figure 1. Making of the input on the natural scene. A square window from an arbitrarily chosen P point was translated along a randomly chosen straight line a. The window was made of 13 × 13
sampling points arranged on a hexagonal grid. Pixel values of the
window were interpolated from the original image. The distance between the nodes of the hexagonal grid was equal to 1 in units of pixel
distance on the original image. The positioning of the windows on the
image correspond to consecutive sampling positions. The distance
between these positions, d, defines the window distance. The vector x
contains the list-ordered 169 pixel values of each consecutive frames
(x(1), . . . , x(n), n = 7) along the patches. Independent component
analysis was performed on temporally smoothened x vectors.

For both static images and movie scenes, temporal convolution (smoothing) induced by exponential
kernels—also called leaky integration—was studied.
Note that temporal convolution is a special kind of
mixing; it mixes input components of different temporal indices and produces an effective input y(t). Inputs
x(t) belonging to different time indices were weighted
by a geometrical series λt−k and were added up:
y(t) =

t

k=1

x(t) exp((t − k) ln λ) =

t


x(k)λt−k ,

k=1

where 0 ≤ λ < 1 is the convolution parameter. For a
review on convolution, see Graham et al. (1989). The
influence of earlier inputs diminishes according to the
geometric series, while the most recent input (k = t)
has the strongest impact on forming y(t). When λ = 0,
only the k = t term remains, which corresponds to inputs with no temporal convolution. The word convolution concerns the opposing temporal dependence of the
two functions of the series: the time arguments change
linearly and the sum of the arguments (k + (t − k)) is
constant. In order to avoid transients in the convolution operation, inputs with small t values (smaller than
3 · (−1/ ln(λ)) , where · rounds the argument to the
nearest integer greater than or equal to the argument)
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were excluded from the training set. For reproducibility
reasons we used the parameter free FastICA algorithm
(Havärinen and Oja, 1997). The number of inputs was
7000. PCA transformation was used to study information transfer in important subspaces of the input space.
The reduced dimensional PCA subspace minimizes the
loss of information in mean square error over the full
data set.
IC analysis was applied on the input set y(t) (t =
1, 2, . . . , 7000) to linearly transform the input space.
ICA is based on the following assumption: the input
(y) is composed from an unknown set of source signals s = (s1 , . . . , sm ) originating from independent
sources, mixed by an unknown mixing matrix A, and
covered by noise: y = As + noise, where a row vector with prime denotes its column vector form. The goal
of the IC analysis is to develop the separating matrix
W that inverts the mixing matrix A: WA = I, where
matrix I is the identity matrix of the reduced dimensional PCA subspace. The rows of matrix W form the
independent component filters (ICFs). Components of
the linearly transformed inputs convey minimum mutual information and are as independent of each other
as possible. Applying ICA to temporal sequences, the
resulting ICF basis set is made of STFs with minimized mutual information. For a review on ICA, see
Hyvärinen (1999b).
3.

Results

Some representative ICFs are shown in Fig. 2 as a function of the convolution parameter λ. The dimension of
the ICF vectors and the inputs are equal. Components
of the ICFs correspond to pixels. Pixels have spatial indices (from 1 to 169) and temporal indices (from 1 to 7).
In order to visualize ICFs, pixels of the same temporal
indices were collected into a frame and were rearranged
according to their original positions. Each ICF corresponds to a frame sequence. A frame sequence represents a spatiotemporal filter. It is worth noting that the
resulting filter image sequence is equal to the optimal
input series belonging to the filter: this image stream
can best stimulate the filter. In figures, frames of the sequences are time ordered: time increases from left (the
first frame) to the right (the last frame). Each 13 × 13
value of a frame corresponds to a node of the hexagonal grid. For presentational purposes the values of the
hexagonal grid are interpolated between the nodes by
nearest neighbor averaging. The applied PCA dimension is 169; thus the number of ICFs is 169 ( 1183).
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Figure 2. ICFs as a function of convolution time. The ICFs are
shown as seven consecutive time frames of 13 × 13 spatial pixels
on a hexagonal grid. The grid covers an approximately
rectangular
√
area. The ratio of the sides of the rectangle is 3/2. Identical results
were found for hexagonal areas. Gray value corresponds to zero ICF
component, negative values are darker, whereas positive values are
lighter. Frames of one line represent one ICF. Spatial properties are
shown within each frame, and frames are ordered from left to right
according to their temporal indices. A filter image sequence is equal
to the optimal input series belonging to the spatiotemporal filter: this
image stream can best stimulate the filter. Input dimension is 1183 (7·
13·13), PCA compressed dimension is 169 for all frames. Signs t and
s denote the database: t: moving gaze (translation), s: constant gaze
on image stream. A: Four typical space-time non-separable ICFs.
Convolution parameter: λ = 0 (i.e., no convolution). B: Four typical
filters for convolution parameter around λ = 0.97. Some of the ICFs
represent higher-order structures, show a clear orientation, and have
little if any temporal characteristics. The spatial frequency of these
ICFs is about twice as large as those of A. C: Sign-switching ICFs
with separable spatiotemporal properties. Convolution parameter:
λ ≥ 0.9. The spatial frequency of these ICFs are approximately equal
to those of the ICFs of A.

There are letters (s and t) on the right-hand side of the
individual ICFs denoting whether the ICF was derived
from the stream (s) or from translated sampling on the
natural scene (t). Four representative filters are shown
in Fig. 2A. Each filter can be interpreted as an edge,
bar, or wave moving with a fixed velocity perpendicularly to their main axis of orientation. These filters
have nonseparable spatiotemporal properties similar to
spatiotemporal RFs of cortical simple cells (DeAngelis
et al., 1993). The moving structures are visible but are
less sharp for the ICFs developed on image stream
(moving car) data. As far as the sampling method is
considered, solid linear dependence between the sampling distance and the ICF velocity was found for the
translating gaze case (not shown on the figures).
Changing the value of the convolution parameter λ
but keeping the PCA compressed dimension fixed, we
found that for λ ≥ 0.6 the velocity of most of the ICFs
becomes approximately zero and the filters become approximately steady (Fig. 2B). These filters have little if
any temporal property, have a characteristic spatial frequency (about two times higher than that of the moving
filters). Orientation tuning is clearly present in some of
these filters. Considering their spatial frequency, these
filters cover a larger area than their characteristic period. In turn, these filters are not local edge filters. According to the nomenclature of RFs, these filters can
be called complex filters (Sillito, 1979; Henry et al.,
1983; Hammond, 1991; Mignard and Malpeli, 1991;
Zigmund et al., 1999). Complex filters belonging to
uniform direction sampling (translating gaze case) are
organized more uniformly than those belonging to the
image stream data.
For λ values larger than 0.9, a new type of filter
emerged. These filters are sign-switching spatiotemporal filters (Fig. 2C): The filters are nonmoving but
are time dependent. The optimal input to the filter is a
standing local grating that changes sign. These filters
are space-time separable filters. The spatial frequency
of these filters is about the same as the spatial frequency
of the moving filters. Spatiotemporal RFs, similar to
these filters, have been reported in the V1 (DeAngelis
et al., 1993).
Olshausen (1996) indicated that both ICA (Bell
and Sejnowski, 1995) and sparse coding (Olshausen
and Field, 1996) solve essentially the same problem.
Hyvärinen et al. (1999) and Hyvärinen (1999a) prove
this in broader context and call the joint algorithm
sparse code shrinkage. Our PCA / ICA studies can be
related to the formulation provided by Olshausen and
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Field (1996) by considering in the case of sparse coding
a small number of neuronal activities represent a larger
number of sensory activities. In turn, effective compression occurs when sparse representation is forced
(Olshausen and Field, 1996). Assume that ICA / TICA
is performed in separated domains of cortical regions,
such as in the columns. When the number of LGN inputs to a column of V1 is larger than the number of
cortical cells within the column, compression of information takes place in the column. It is then important
to study the effect of compression on spatiotemporal
ICF characteristics. The dependence of the spatial frequency on the PCA compression ratio and on the sampling distance (the gaze velocity) is shown in Fig. 3.
The influence of the sampling distance d and PCA dimension was studied for the moving-gaze experiment
at λ = 0 value. The spatial frequency of the ICFs is a
monotone function of both the compressing PCA dimension and the sampling distance. The only exception is the neighborhood of the origin, the region of
zero sampling distance, and zero compression. This

Figure 3. Influence of PCA compression and sampling distance on
ICFs. The figure shows the spatial frequency as a function of the sampling distance and the PCA compressed dimension for the movinggaze experiment in the case of zero temporal convolution. The spatial
frequency of each of the emerging ICF is always well characterized,
and ICFs have a well defined symmetry axis. The spatial frequency
of an ICF was computed by projecting the ICF perpendicular to its
symmetry axis, performing Fourier transformation on this projection
and estimating the maximal amplitude in the Fourier domain. The
average spatial frequency of the emerged set of ICFs is shown. The
spatial frequency is a monotone increasing function of the PCA dimension in most regions. However, approaching the zero sampling
distance (i.e., zero gaze velocity), nonmonotone behavior can be observed. ICFs at zero gaze velocity are small and exhibit high spatial
frequency. For sampling distance greater than 1 (gaze velocity larger
than 1 pixel per frame), the ICF spatial frequency depends weakly
on the sampling distance.
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finding can be visualized as follows. There is a degeneracy in the case of zero gaze velocity; frames of
different temporal indices become identical. The result
is an effective decrease of the spatiotemporal volume
that ICFs may cover. The smaller spatiotemporal region available (one temporal slice instead of seven)
constrains the ICFs. In turn, the spatial frequency of
the filters becomes high. If the degeneracy is removed,
the spatiotemporal volume increases, and the spatial
frequency becomes less constrained. The frequency
of the filters versus the sampling distance has a minimum because the sampling distance provides a lower
bound for the fineness of the structures that can be resolved. The depth of the valley in Fig. 3 is a function of
the compression dimension. As expected, the stronger
the compression, the more constrained the filters become and, in turn, the less the effect of the sudden
increase of the spatiotemporal volume is. For sampling distance greater than 1 (gaze velocity larger than
1 pixel/frame), the ICF spatial frequency depends
weakly on the sampling distance.
The relative contributions of the three different filters as a function of the convolution parameter λ are
shown in Fig. 4 for the natural scene case. For small λ
values (0 ≤ λ ≤ 0.4) and for our PCA compression ratio 1183/169, the temporal convolution has negligible
influence on the ICFs. These ICFs are similar to those

Figure 4. The effect of convolution parameter on filter distribution.
The 100% stacked bar shows the ratio of the three filter types as a
function of the convolution parameter. The PCA compression ratio is
1183/169. 0 ≤ λ ≤ 0.4: temporal convolution has negligible influence on the ICFs. λ ≥ 0.6: ICFs with negligible temporal properties
and nonlocal characteristics appear. λ > 0.9: sign-changing ICFs appear. λ ≥ 0.99: nonseparable spatiotemporal filters disappear.
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reported by Hateren and Ruderman (1998). If λ becomes greater, then ICFs with negligible temporal
properties and nonlocal characteristics appear. λ  0.9
results in sign-changing ICFs. Raising the convolution
parameter increases the ratio of sign-switching ICFs.
For λ  0.99, nonseparable spatiotemporal filters disappear. The greatest ratio of separable spatiotemporal
filters is about 12% for natural scene and for the type
of temporal convolution applied.
4.

Discussion

We have extended the works of Olshausen and Field
(1996) and Hateren and Ruderman (1998). The extension is motivated by the nature of inputs converging to
V1 cells from LGN efferents. There are at least four
types of inputs that converge onto principal cells of
the V1. The four types of inputs correspond to nonlagged ON and OFF inputs and lagged ON and OFF
inputs. The response function of the spatiotemporal receptive field of LGN cells is long lasting (Cai et al.,
1997). Dong and Atick (1995) showed that the power
spectrum of the response of LGN cells is optimal for
natural scenes. That is, LGN cells seem to filter temporal information in an optimal fashion for natural scenes.
In our studies one example concerned a natural scene,
whereas the other example dealt with highways (i.e.,
artificial scenes). The two cases have different optimal power spectra, different optimal response functions and, in turn, different optimal temporal smoothing. (For the inverse problem, i.e. for the derivation of
the response function from the power spectrum under
minimal conditions, see Wimbauer et al., 1997.) In our
studies the exponential temporal kernel was chosen for
the following reasons: this choice makes the least extension to the work of Hateren and Ruderman (1998),
where an infinitesimally sharp exponential kernel was
used; the most important effect of temporal smoothing is the mixing of different time indices in a finite
temporal window; ICA is invariant for changing signs
of the sources, and, in turn, the exponential envelope
function is an approximation to the optimal temporal
kernel. This approximation is good at local extremes
(minima and maxima) of the response function and
is poor around null-crossings of the response function. The second reason means that temporal mixing
reorders and redirects the most important components
to be selected by PCA. In turn, mixing of time indices
changes the subspace that will undergo minimization of
mutual information (i.e., ICA). We could reproduce all

three basic types of receptive fields for both databases
cases, in spite of the fact that the type of inputs (natural scene and highway image stream) have different
statistical properties (van Hateren and van der Schaaf,
1998). Quantitative comparisons need further work using optimal temporal kernels. It is an intriguing question, whether the response of LGN cells changes for
asymmetric inputs as it should be (Gordon et al., 1979;
Gordon and Presson, 1982) if information transfer is
adaptive at the level of the LGN. This question arises
because the statistical properties of visual information
filtered by striped cylinders (Gordon et al., 1979) does
not fully account for the orientation deprivation found
experimentally (Gordon and Presson, 1982).
The emerging ICFs are in good agreement with the
properties of the cells’ RFs found in the V1. Properties of these ICFs depend strongly on the duration of
temporal convolution and on the compressed dimension. The order of appearance of filters as a function of
temporal convolution is as follows:
• For small convolution parameter the emerging ICFs
exhibit moving Gabor patch-like structure (Fig. 2a).
Gabor patches consist of a moving sinusoidal grating windowed by a steady Gaussian envelope. These
ICFs are local, i.e. the periodic structure of the ICFs is
about one wavelength long. Furthermore they can not
be described as the product of temporal and spatial
functions: They are space-time nonseparable ICFs
alike to those reported by Hateren and Ruderman
(1998).
• By increasing the convolution parameter nonmoving complex filters appear (Fig. 2b). These filters
are nonlocal—that is, the width of the domain covered by the periodic structure is much larger than the
wavelength of the structure. There is a large variety
of these filters and the variety depends strongly on
the data set.
• Further increase of the convolution parameter gives
rise to the appearance of sign-switching filters with
separable spatiotemporal properties (Fig. 2c). We
were unable to produce sign-switching space-time
separable filters without applying temporal convolution in 169 (out of 1183) PCA dimensions.
Therefore, it seems that temporal convolution may
be essential to understand and describe these RFs. The
increase of the convolution parameter diminishes the
ratio of filters with moving grating property. The ratio
among the three main filter types of the V1 show strong

V1 Cells and Temporal ICA

dependencies on compression and temporal convolution parameters (Fig. 4) another issue that could be
investigated experimentally.
The falsifying question whether information maximization principles can produce complex cells and spatiotemporal receptive fields with both separable and
nonseparable spatial and temporal dependencies can
be given a positive answer. TICA can provide such filters if temporal convolution originated by properties of
LGN cells is taken into account. However, we see no
direct explanation why these filters are necessary and
how those serve information processing. According to
our results on the gradual emergence of these filters,
the existence of these filters could originate from the
abundance of cells available in V1 and the underlying
mechanism, which optimizes information transfer. It
is also clear from our studies that the appearance of
complex cells may produce hyperacuity (Westheimer,
1981; Parker and Hawken, 1987).
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