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The new time-organized map (TOM) is presented for a better understand-
ing of the self-organization and geometric structure of cortical signal
representations. The algorithm extends the common self-organizing map
(SOM) from the processing of purely spatial signals to the processing of
spatiotemporal signals. The main additional idea of the TOM compared
with the SOM is the functionally reasonable transfer of temporal signal
distances into spatial signal distances in topographic neural representa-
tions. This is achieved by neural dynamics of propagating waves, allow-
ing current and former signals to interact spatiotemporally in the neural
network. Within a biologically plausible framework, the TOM algorithm
(1) reveals how dynamic neural networks can self-organize to embed spa-
tial signals in temporal context in order to realize functional meaning-
ful invariances, (2) predicts time-organized representational structures in
cortical areas representing signals with systematic temporal relation, and
(3) suggests that the strength with which signals interact in the cortex de-
termines the type of signal topology realized in topographic maps (e.g.,
spatially or temporally defined signal topology). Moreover, the TOM al-
gorithm supports the explanation of topographic reorganizations based
on time-to-space transformations (Wiemer, Spengler, Joublin, Stagge, &
Wacquant, 2000).

1 Introduction

Biological information processing systems possess remarkable capacities
unreached by artificial systems. For example, the visual processing needed
to perform highly demanding categorizations of natural images can be
achieved in under 150 ms (Thorpe, Fize, & Marlot, 1996). Such process-
ing capacities astonish all the more as the processing speed of biological
nerve cells, about 102 Hz, is many magnitudes smaller than the processing
speed of transistors in modern computers, about 109 Hz. High performance
with slow neurons must rely to large extent on adequate neural feedforward
coding and distributed processing. Neural coding should capture adequate
invariances, for example, translational and rotational invariances of sen-
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sory signals (stimuli), and adapt with stimulus experience for optimization.
Moreover, the information coded in neurons should be spatially organized
within the system to allow specialized processing, for example, concerning
specific senses or stimulus features, to be robustly integrated into the whole
processing stream. Two striking architectural characteristics that distinguish
biological neural systems from modern computers and that may help bio-
logical systems to fulfill the requirements are topography and plasticity.

Topography denotes the existence of neighborhood-preserving (“topo-
graphic”) mappings: anatomical positions in the network representation are
mapped neighborhood preservingly onto those stimuli that induce maximal
neural activity at the considered anatomical positions (von der Malsburg,
1973; Mallot, 1985). (In this article, the terms topography and topographic map-
ping will be used synonymously.) In other words, adjacent neurons in the
network represent stimuli that are adjacent in stimulus space (Martinetz &
Schulten, 1993; Wiemer, 2001). The term adjacency is central in this definition:
adjacency of neurons refers to their spatial nearness in the network, whereas
adjacency of stimuli refers to specific stimulus space topologies that must
be based not only on spatial stimulus structure but also on temporal and
functional stimulus aspects.

We hypothesize that functionally reasonable stimulus space topologies
are realized topographically in biological neural systems. Topography might
be advantageous for stimulus processing because it favors short neural com-
munication links, yielding increased energy efficiency, robustness, and pro-
cessing speed (Kohonen, 1997). Furthermore, topography might facilitate
the organization of parallel stimulus processing (Roland & Zilles, 1998).
Accordingly, it seems to be a significant first step to discover topograph-
ically realized stimulus topologies in order to understand the processing
efficiency of biological neural systems (Wiemer, 2001).

Plasticity means that topographic mappings depend dynamically on sen-
sory experience (Buonomano & Merzenich, 1998). We regard the finding
that topographies in biological information processing systems are plastic
as a consequence of the self-organization of these structures (von der Mals-
burg, 1973). According to this point of view, topographies emerge from
self-organization processes on the basis of the statistics of applied stimuli
and in accordance with few genetically determined system parameters con-
stituting boundary conditions for self-organization. The system parameters
characterize general properties of cortical areas, for example, the average
width and strength of neural connectivity in a cortical area. Topographies
in adult animals are then interpreted as equilibrium states corresponding
to the statistics of applied stimuli (Obermayer, Blasdel, & Schulten, 1992).
Changes in stimulus statistics, as conducted in neurobiological learning ex-
periments, result in shifts of the equilibrium state, that is, experimentally
observed plasticity. Plasticity allows the biological system to adapt its pro-
cessing to its specific environment, thereby improving stimulus processing
in a behavior-relevant way.
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We view topography and plasticity in the framework of cortex univer-
sality: cortical areas have similar anatomical structure but develop dif-
ferent functional structures according to the characteristics of processed
stimuli. In other words, different cortical areas realize different represen-
tations for stimulus processing, but the same neural processes operate on
the representations in all cortical areas. The different representations may
result from one universal self-organization principle that generates differ-
ent topographic structures depending on the respective stimulus statis-
tics and genetic boundary conditions. The hypothesis of universal self-
organization limits the types of stimulus topologies that can possibly be
transfered to cortical topography because universal self-organization has
to be based on elementary neural processes, such as local neural inter-
actions and Hebbian learning. Nevertheless, universal self-organization
could be able to explain all experimental findings concerning the plastic-
ity of cortical topographies. Does a universal self-organization principle
exist?

A possible model candidate for universal self-organization is the self-
organizing map (SOM) algorithm (Kohonen, 1982, 1997; Kohonen & Hari,
1999). It is a standard model to generate dynamic neural network topogra-
phies (Ritter, 1990) and is often applied to explain structures of cortical
topographies (Schreiner, 1995; Wiemer, Burwick, & von Seelen, 2000). The
SOM algorithm partitions self-organization into discrete learning steps in
which (1) a stimulus is presented, (2) a “winner neuron” is determined
(competition), and (3) in the neighborhood of the winner, neural weights
are shifted toward the presented stimulus (cooperation, stimulus approxi-
mation). The stimuli are chosen randomly according to a given probability
distribution and independent of earlier stimulus choices. Apart from pos-
sible sampling effects, the resulting topographies are entirely based on the
spatial structure and probability distribution of the applied stimuli (Ober-
mayer et al., 1992; Riesenhuber, Bauer, & Geisel, 1996). Stimuli of differ-
ent learning steps do not interact spatiotemporally in the neural network,
thereby yielding passive stimulus representations in which stimuli are not
embedded in their temporal context.

The SOM algorithm does not suffice to explain all experimental findings
concerning the plasticity of cortical maps. In particular, it cannot explain
the findings of neurobiological learning experiments obtained by Wang,
Merzenich, Sameshima, & Jenkins (1995) and Spengler, Hilger, & Wiemer
(2001). In these experiments, tactile stimuli with different relations in space
and time were applied to monkeys. After months of training, the primary so-
matosensory cortex was mapped, showing that temporally separated stim-
uli, with an interstimulus time interval (ISI) of about 300 ms, were segre-
gated within cortical topography. We have presented a model of topography
learning explaining these findings in the framework of self-organization
based on time-to-space transformations (Wiemer, Spengler, Joublin, Stagge,
& Wacquant, 2000). Here, this approach is further developed: its algorith-
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mic structure is substantially simplified and its learning capacity essentially
increased. The resulting time-organized map (TOM) algorithm is a general-
ization of the SOM algorithm in the sense that the TOM algorithm contains
the SOM algorithm as the limit case of spatiotemporally noninteracting
stimuli.

Subsequent to the introductory remarks of this section, the article is
structured as follows. The TOM algorithm is presented in section 2 and
applied to different sets of spatiotemporal stimuli in section 3. In contrast
to Wiemer, Spengler et al. (2000), not the deformation of topography but
its generation from random initial conditions is the focus of this article.
Different topographic structures are learned from spatially, temporally, and
spatiotemporally defined stimulus topologies, predicting new features of
cortical topography. The results are interpreted in terms of the strength with
which stimuli interact spatiotemporally within their neural self-organized
representations. Section 4 shows the biological significance of each of the
presented simulations and sketches future perspectives concerning further
numerical experiments as well as algorithmic developments. We conclude
in section 5.

2 The Model

Section 2.1 presents the TOM algorithm for a one-dimensional chain of
neurons. Section 2.2 adds technical and biological aspects and discusses
several central parts of the model—the starting point of wave propagation,
the extension of the model to two or more dimensions, and the model’s
relation to the SOM algorithm.

2.1 The TOM Algorithm. Like the SOM algorithm, the TOM algorithm
is based on two neural layers: a layer of sensors and a layer of processing
neurons. We use the standard scalar product activation ck = wk·s for neurons
k = 1..Nc and describe incoming stimuli by a sequence (sn, isin), n = 1..nf
of stimulus vectors sn and their interstimulus time intervals isin = tn −
tn−1 (indices c for cortex, f for final). In the simplest case, all sensors are
connected to all processing neurons, and the processing neurons constitute
a one-dimensional chain. Starting from random initial weights wk(n = 1),
each stimulus sn initiates a learning step consisting of the following six
computations:

1. Neural position of maximal feedforward activation. In the nth learning step,
stimulus sn induces maximal feedforward activity at position

kff(n) = arg max
k

(wk(n) · sn). (2.1)

2. Position of propagated wave. During the ISI isin, the feedforward activa-
tion induced by stimulus sn−1 has propagated in the layer of process-
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Figure 1: Schematic illustration of the nth learning step in the TOM algorithm
for a one-dimensional chain of neurons. The numbers 1 to 6 correspond to the
six computations set out in the text.

ing neurons. Assuming for simplicity constant propagation speed v,
the loci k̃±(n) of propagated activity are determined by

k̃±(n) = kff(n − 1) ± v · isin (2.2)

(see Figure 1). kff(n = 0) is randomly chosen.

3. Shift of feedforward activation due to interaction with propagated wave.
The interaction of the feedforward activation induced by the current
stimulus sn and the propagated wave induced by the earlier stimulus
sn−1 yields a positional shift �int(n) of feedforward activation given
by

�int(n) = f (k̃(n) − kff(n)) (2.3)

with nearest k̃(n) ∈ {k̃+(n), k̃−(n)}

k̃(n) =
{

k̃+(n) : |k̃+(n) − kff(n)| ≤ |k̃−(n) − kff(n)|
k̃−(n) : else,

(2.4)
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Figure 2: Nonlinear interaction function (see equation 2.5) with (κ, σk) = (5, 15)

(see sections 3.1 and 3.2), and (κ, σk) = ({0.01, 2, 5}, 10) (see section 3.3).

and interaction function f expressing the distance dependency of the
shift. In this article, a nonlinear interaction function of the form

f (k) = κ · tanh
(

k
κ

)
exp

(
− k2

2σk
2

)
(2.5)

will be used (see Figure 2).

4. Shift due to noise. Noise in the network is expressed by a noise term
�noise(n) that is randomly drawn from a normal distribution with zero
mean and standard deviation σnoise(n):

�noise(n) ∼ N (0, σnoise(n)). (2.6)

The standard deviation decreases monotonically in time,

σnoise(n) = σ0 ·
(

σf

σ0

)n/n′
f

for n ≤ n′
f (2.7)

and stays constant to its final value σf for the remaining learning steps:

σnoise(n) = σf for n′
f < n ≤ nf . (2.8)

5. Position of learning neuron (“winner”). The learning neuron klearn(n) is
determined as the integer closest to the position of maximal feedfor-
ward activation shifted by interaction and noise,

klearn(n) = round(kff(n) + �int(n) + �noise(n)). (2.9)
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6. Adapted feedforward weights. The weight vector wklearn(n)(n) of the learn-
ing neuron is shifted toward the presented stimulus if klearn(n) ∈ {1,

. . . , Nc},
�wklearn(n)(n) = α · (sn − wklearn(n)(n)), (2.10)

with learning rate α. In this letter, a constant learning rate α will be
used.

The combined effect of processes 1 through 6 applied in each learning
step is shown in Figure 1.

2.2 Discussion. Having concisely described the TOM algorithm, we
now go through the previous section again, adding first algorithmic and
then biological aspects.

2.2.1 Algorithmic Aspects. The following points should be noted from
an algorithmic perspective:

• Neural connections. The TOM algorithm distinguishes two kinds of neu-
ral connections: feedforward and lateral. Feedforward connections are plas-
tic and determine how spatial stimuli without additional temporal relations
are represented by the neurons. Lateral connections are fixed and determine
the time-to-space transformations performed by wave propagation.

• Spatiotemporal interactions. The interaction function was designed to
base robust consecutive adaptation on local interaction: (1) feedforward
activation is shifted toward wave location and does not overshoot the mark,
| f (�k)| ≤ |�k| for all �k, and (2) interactions tend to zero for large distances:
lim|�k|→∞ f (�k) = 0.

• Time-to-space transformation. The interaction yields two opposing situ-
ations: compared with the spatiotemporally noninteracting case (κ = 0),
small ISIs between successive stimuli sn−1, sn reduce the distance between
corresponding learning neurons klearn(n − 1), klearn(n), while large ISIs tend to
enlarge it. Accordingly, the algorithm aims at transforming ISIs into repre-
sentational distances. As we will see in the numerical experiments presented
in section 3, neighboring neurons of the processing layer learn to represent
temporally neighboring stimuli. This is functionally reasonable in two re-
spects. First, assuming that functional similarity of stimuli follows from
temporal nearness, topographic maps are learned that express functional
stimulus relations. Such maps can serve as a robust basis for further stimu-
lus processing (see sections 3.1–3.3). Second, different sequences of spatial
stimuli can be merged to generate weight vectors that consist of spatiotem-
porally associated stimuli and can serve as meaningful spatial templates
(see section 3.4).

• Starting point of wave propagation. In the TOM algorithm, neural wave
propagation starts at the locus of maximal feedforward activation of the
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preceding learning step (see equation 2.2). Alternatively, the position of the
learning neuron, resulting from the feedforward activation and its interac-
tion with propagated activity, could have been chosen as the starting point
of wave propagation. This was done in Wiemer, Spengler, et al. (2000). How-
ever, the latter choice leads to instability of self-organized structure when
high-dimensional stimuli are applied, as in sections 3.3 and 3.4. Maximal
feedforward activation expresses the state of learning better than the posi-
tion of the learning neuron that depends strongly on the interaction with
the preceding stimulation. This argument is elaborated in section 3.3.

• Noise. The use of gaussian noise in equation 2.6 is motivated by math-
ematical simplicity. Moreover, gaussian neighborhood yields good conver-
gence behavior for the case of SOM learning (Lo & Bavarian, 1991). As in the
SOM algorithm, the decrease of noise allows an annealing process to take
place. First, topography is roughly determined with a high noise level; then
topography is successively refined by reducing the noise level according
to equation 2.7; and finally, topography is allowed to attain an equilibrium
state by keeping the noise level low (see equation 2.8).

• Learning neuron. In the TOM algorithm, the weight vector of only one
neuron is adapted per learning step. This deviates from the SOM algorithm
and also from our earlier approach (Wiemer, Spengler, et al., 2000), where
local neural neighborhoods are defined so that neurons learn in unison. The
difference is delicate because of the introduction of noise in equations 2.6
through 2.9. Averaging over many learning steps can transfer the selection
probability of single neurons into a weighted adaptation of many neurons.
The two processes, probabilistic selection of one learning neuron or simulta-
neous learning of many neurons, behave similarly if the changes in neural
weights per learning step are small and if the conditions of stimulation
lead to similar neural activations in successive learning steps. However,
the latter assumptions are not necessarily fulfilled during TOM learning
as successive stimulations interact. Especially when the learning process is
still in its initial ordering phase and not yet in its final convergence phase,
the two ways of learning yield different results. Numerical experiments
with high-dimensional spatiotemporal stimuli (e.g., the stimuli that will be
used in sections 3.3 and 3.4) have led to more consistent learning of tem-
poral topology if the weight vector of only one neuron was adapted per
learning step. Thereby, neighboring neurons interact less in the process of
spatial interpolation between weight vectors. This reduces the probability
that learning is trapped in local minima of neighborhood preservation (i.e.,
in maps of fractured topography). Under certain conditions, this behavior
is also observed in learning from purely spatial stimuli (see the numerical
experiment in section 3.2).

• Weight adaptation. The SOM learning rule is used in equation 2.10 so
that the TOM algorithm generalizes the SOM algorithm. In the limit of
vanishing interaction strength, κ → 0, TOM learning is equivalent to SOM
learning, apart from the restriction in TOM learning that only one neural
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weight vector is adapted per learning step. Accordingly, the case κ → 0 of
the TOM algorithm will be denoted SOM mode, meaning that stimuli do not
interact spatiotemporally within their neural representations (alternatively
accomplished by setting isin = ∞ for all n). For simplicity, the learning rate
α is set constant.

• Model parameters. The speed of wave propagation, v, and the strength
of neural interaction, κ , are essential model parameters: they determine
the time-to-space transformations on which self-organization is based (see
section 3.3 for the impact of κ). The other parameters are not critical; the
topographies generated in the next section do not depend on their exact
values as long as some plausible conditions are fulfilled that also apply to
the SOM algorithm, such as a sufficiently high number of learning steps,
an initial noise level in the range of the number of processing neurons, and
sufficiently small final learning rate α and noise level σnoise. Accordingly,
many parameters will be set to identical values (e.g., Ns = Nc = σk =
σ0 = 1/σf = 10 in section 3.3) and analogous parameters will be used in
sections 3.1 to 3.4 (identical parameters in sections 3.1 and 3.2; only changes
in network size and number of learning steps in correspondence with the
respective learning tasks in sections 3.3 and 3.4, some parameters set relative
to network size).

• Generalization to more dimensions. Applying symmetry, the generaliza-
tion of the presented algorithm from one- to two-dimensional layers of pro-
cessing neurons is straightforward: wave propagation is assumed accord-
ing to a definite symmetry (e.g., radial symmetry), and the two-dimensional
interaction between maximal feedforward activation and neural wave is re-
duced to a one-dimensional interaction along the shortest path connecting
feedforward activation and wave. The case of a two-dimensional layer of
processing neurons is of special importance because it approximates the
thin two-dimensional cortex anatomy (see the neurobiological modeling
presented in Wiemer, Spengler, et al., 2000).

• Comparison with other time-based SOM extensions. Different approaches
have been developed to embed temporal information in the SOM algorithm.
The most direct way is to include time-delayed versions of the input vector
in the input layer or to add a second layer of processing neurons that cap-
tures the spatial dynamics of the first layer (Kangas, 1990). Other research
has focused on leaky integrator dynamics, first on the level of processing
neurons (temporal Kohonen map; Chappell & Taylor, 1993) and later on
the level of input vectors (recurrent SOM; Koskela, Varsta, Heikkonen, &
Kaski, 1998). SOM learning has also been extended from solely feedfor-
ward connections to additional feedback connections within the processing
layer (contextual SOM, Voegtlin, 2000; feedback SOM, Horio & Yamakawa,
2001). These works address the problem of spatiotemporal pattern classifica-
tion: neurons code whole sequences of stimuli and allow distinguishing the
learned sequences. The ambiguity of a presented spatial pattern is resolved
by incorporating network memory representing preceding spatial patterns.
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Contrarily, the aim of the TOM algorithm is to use temporal stimulus
relations to (1) generate feedforward weight vectors that capture essential
invariances and serve as reasonable templates for further stimulus process-
ing and (2) arrange these templates in a topographically meaningful way.
Sequences of stimuli are not supposed to be represented apart from one
another. Instead, they are supposed to be (partially) merged in the network
to yield a topography of spatial weight vectors that is in accordance with
temporal stimulus relations (for an example, see section 3.4 and Figure 7).

The idea of using temporal stimulus relations to generate neural topog-
raphy was first presented as a modeling study explaining neurobiological
findings (Wiemer, Spengler, et al., 2000). As is often the case in such model-
ing projects, the presented model is more complex and has more parameters
than are essentially needed. For example, it consists of neural layers with
different forms of dynamics, comprises two learning rules, and computes
the center of feedforward activation by nonlinear averaging. In this article,
the model is reduced to its essentials. At the same time, it is substantially
improved concerning the stability and flexibility of learning. The TOM al-
gorithm constitutes a clear, concise, and transparent sequence of necessary
computation steps to generate the aimed system behavior (see Wiemer, 2001,
for a detailed comparison).

2.2.2 Biological Aspects. From a biological perspective, we have to point
out the following:

• Wave propagation. During the past several years, improved experimental
techniques have allowed propagation phenomena in cortical processing to
be a focus of neurobiological experiments. Wavelike dynamics has been
observed in different forms: propagation of activity (Tanifuji, Sugiyama, &
Murase, 1994; Prechtl, Cohen, Pesaran, Mitra, & Kleinfield, 1997; Bringuier,
Chavane, Glaeser, & Fregnac, 1999; Seidemann, Arieli, Grinvald, & Slovin,
2002), diffusion of a volatile substance through cortical tissue (e.g., nitric
oxide; Krekelberg & Taylor, 1996), and propagation and dynamic interaction
of chemical substances (e.g., calcium; Garaschuk, Hanse, & Konnerth, 1998)
or noninactivating natrium currents (Taylor, 1993). It is clear that active
propagation exists in the brain, but it remains to be studied how general the
phenomenon is.

Concerning propagation of activity, the speed results from the collective
interaction of many neurons. Accordingly, it can be far below the typical un-
myelinated axon conductivity speed of 1 m per second. In the visual cortex,
for example, the speed of laterally propagating waves was experimentally
found to range from 60 mm per second to 100 mm per second (Tanifuji et
al., 1994; Bringuier et al., 1999). Assuming typical traveling distances of 1
to 10 mm within cortical maps, the corresponding ISIs range from 10 ms to
170 ms.

• Spatiotemporal interactions. The shift of feedforward activation can easily
and biologically be explained if the propagated wave is interpreted as a sub-
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threshold preactivation of neurons, in accordance with the conclusions of
Bringuier et al. (1999). When a stimulus is applied, neurons with subthresh-
old preactivation tend to reach the firing threshold earlier than neurons
without preactivation. Accordingly, learning favors early activated neurons,
for example, because early firing neurons inhibit other neurons and prevent
the latter from firing via Mexican hat interaction (Georgopoulos, Schwartz,
& Kettner, 1986).

• Nonhomogeneous discretization of time. Like the SOM algorithm, the TOM
algorithm decomposes learning into a sequence of discrete learning steps.
In biological systems, temporally discretized sequences of stimuli can result
from continuously developing sensory activity that is read out at distinct
points in time. Furthermore, the TOM algorithm allows a nonhomogeneous
discretization of time. We argue that nonhomogeneous discretization may
be advantageous for self-organization because it allows capturing not only
strictly local (next neighbors) but also more global (next neighbors but one,
etc.) temporal stimulus relations. Alternatively, time intervals between con-
secutive read-out processes could vary in biological systems due to different
states or modes of stimulus processing or simply due to noise in the network.

3 Numerical Experiments

In this section, we apply the TOM algorithm to four sets of spatiotempo-
ral stimuli: three sets of generic artificial stimuli and one exemplary set of
seminatural stimuli (i.e., stimuli with natural spatial structure embedded
in systematic temporal relations set by hand). The biological significance of
each of the numerical experiments is pointed out in section 4.1.

3.1 Topography from Temporal Stimulus Distances. This section shows
that by applying the TOM algorithm, topography can be learned entirely
based on systematic temporal stimulus distances.

3.1.1 Experimental Set-Up. We choose Ns (index s for stimuli) discrete
generic stimuli si,

si(x) = δi,x =
{

1 : x = i
0 : else,

(3.1)

with positions x, i ∈ {1, 2, . . . , Ns}, having equal spatial Euclidean distance
to one another,

d(si, sj) =
(

Ns∑
x=1

|si(x) − sj(x)|2
)1/2

=
√

2(1 − δi,j) (3.2)

(δi,j = 1 for i = j; otherwise δi,j = 0). When these stimuli are applied to the
SOM algorithm, the resulting map of neural chain coordinates k to stimulus
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loci i is randomly structured because of the lack of systematically varying
spatial stimulus relations that can be transformed into topographic structure
(Wiemer, 2001; Wiemer & von Seelen, 2002).

Let us further assume that the time between two consecutive stimuli
s(tn−1) = sin−1 , s(tn) = sin is a function of the distance between their loci
in−1, in. Here, two cases are considered:

1. Motion along stimulus coordinate x with constant speed: |V(x)| =
Vs = const. Temporal distances are proportional to spatial distances:

isin = isi(in, in−1) = 1
Vs

|in − in−1|. (3.3)

2. Motion along stimulus coordinate x with a linear increase in speed:
|V(x)| = Vs · x. Here, temporal distances are given by

isin = isi(in, in−1) =
∫ in

in−1

dx
V(x)

= 1
Vs

∣∣∣∣ln in
in−1

∣∣∣∣ . (3.4)

For each instant of stimulus presentation and learning step n, a stimulus sin at
location in is randomly drawn, with all stimuli si being of equal probability.
Then, the corresponding ISI isin is determined according to equation 3.3 or
3.4, respectively. Model parameters are set as follows: Ns = Nc = σk = σ0 =
15, κ = 5, v = 1, σf = 0.1, α = 0.01, nf = 106, and n′

f = 0.9 · nf ; Vs = 1 and
Vs = ln(Ns)/(Nc − 1) ≈ 0.2 for constant and linear speed, respectively.

3.1.2 Results. Applying the TOM algorithm, we obtain maps that are
exemplarily shown in Figure 3A and 3B as weight vector matrices. In both
cases, temporal stimulus distances lead to well-defined topography, demon-
strating that the TOM algorithm extracts temporal stimulus relations to
build up adequate topographic structures that reflect the different temporal
characteristics of the used stimuli:

1. Linear mapping: Constant speed yields a perfect linear mapping of
stimuli onto neural chain coordinates, preserving the temporal adja-
cencies of all stimuli (see Figure 3A, far right, obtained in 48 of 50
runs).1

2. Nonlinear mapping. A location-dependent distribution of speed yields
a nonlinear map. The perfect mapping of stimuli to neural coordi-
nates, shown in Figure 3B, far right, is of logarithmic structure in
accordance with equation 3.4 (obtained in 48 of 50 runs). In particular,
we stress two characteristics. First is speed-dependent neural mag-
nification. Regions of stimulus space with low stimulus speed |V(x)|

1 Here, the term perfect mapping is used intuitively. Mathematically, it corresponds to
topographic mapping of degree D = 1 (see Wiemer, 2001).
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Figure 3: Topography learning from temporal stimulus distances. Spatial stim-
ulus structure according to equation 3.1 and temporal stimulus relations accord-
ing to equations 3.3 and 3.4 lead to topographic stimulus representations shown
in A and B, respectively. The matrix of weight vectors is shown for different in-
stants of the learning process (n = 1: random initialization; n = 104, 2·105, 5·105;
n = 106: final map).

are represented by more neurons (high neural magnification) than
corresponding regions with high stimulus speed (low neural magni-
fication). For example, the stimuli s1, s2, s3 are represented by seven
neurons and the stimuli s13, s14, s15 by only two neurons. The second
characteristic is speed-dependent receptive field size. Neurons that
represent regions of stimulus space with low stimulus speed |V(x)|
possess smaller receptive fields (RFs) than neurons that represent re-
gions with high stimulus speed. Here, RF size is defined as the number
of weight vector components that exceed some fixed threshold. For
example, neurons 1 and 15 have RFs of approximately 1 and 3 sensors,
respectively.

3.2 Facilitation of Topography Learning. In this and the following sec-
tion, the combined effect of spatial stimulus structure and temporal stimulus
relations on TOM learning is analyzed on the basis of generic spatiotempo-
ral stimuli. Stimuli consist of spatial patterns that define a nontrivial spatial
topology and are embedded in temporal stimulus relations that define a
nontrivial temporal topology.2 This section shows that additional temporal
stimulus relations can facilitate the self-organization of topography.

2 In trivial topology, all stimuli are adjacent to one another (see Wiemer, 2001). In
this sense, the spatial topology that was used in the previous section and defined by
equations 3.1 and 3.2 is trivial.
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Figure 4: Facilitation of the self-organization of topography based on spatial
stimulus structure by additional temporal stimulus relations. (A) Spatially de-
fined topology can be extracted by the SOM algorithm (white circles) and the
TOM algorithm in SOM mode (κ → 0, diamonds). However, smaller average
map errors, that is, less fractured maps, are obtained if temporal stimulus dis-
tances are additionally used (κ = 5, black squares). (B) Spatial structure of the
applied stimuli.

3.2.1 Experimental Set-Up. TOM learning is applied to spatiotemporal
stimuli whose spatially and temporally defined topologies match: stimuli
of spatial structure,

si : si(x) = δx,i + γ δ|x−i|,1 =




1 : x = i
γ : |x − i| = 1
0 : else,

(3.5)

with discrete spatial coordinate x, stimulus location i, and extend of stimulus
overlap γ (see Figure 4B; x, i ∈ {1, 2, . . . , Ns}, γ = 0.5) and of temporal
structure according to equation 3.3.

Two different strengths of wave-based neural interactions are used: strong
(κ = 5 � σf —interaction mode) and negligible interaction (κ = 0.01 � σf —
SOM mode). All other model parameters are set as in case 1 of section 3.1.
The results are compared with those of the SOM algorithm applied with
the same parameter values (neighborhood width according to equation 2.7;
model parameters v, κ , and σk expressing TOM dynamics and interaction
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not used). The state of learning is described quantitatively by the map er-
ror defined as the minimal average deviation of weight vectors wk(n) from
optimal weight vectors wk,opt and Swk,opt:

E(n) = 1
Nc

min

(
Nc∑

k=1

‖wk(n) − wk,opt‖,
Nc∑

k=1

‖wk(n) − Swk,opt‖
)

. (3.6)

Optimal weight vectors follow from symmetry considerations: wk,opt = sk
follows from homogeneous spatial and temporal stimulus distances and
Swk,opt = sNc−k+1 from wk,opt by the initial invariance of the chain of neu-
rons under direction inversion (k = 1..Nc, S reverses neuron numbering;
boundary conditions neglected).

3.2.2 Results. In all three cases—SOM, TOM in SOM mode, and TOM
in interaction mode—the average map error decreases about monotonically
with time (average over 50 runs). Moreover, Figure 4 shows:

1. Temporal stimulus relations facilitate topography learning. The aver-
age map error decreases faster and reaches a smaller final value with
lower standard deviation for TOM learning in interaction mode rela-
tive to TOM learning in SOM mode and also relative to SOM learning.

2. At the beginning of learning, SOM learning progresses faster than
TOM learning (n ≤ 104). This is due to the larger number of weight
vectors adapted in each learning step of SOM learning compared with
TOM learning.

3. In spite of SOM’s seemingly advantageous initial learning, TOM learn-
ing in SOM mode yields less fractured maps in our example than SOM
learning (7 and 17 fractured maps out of 50 runs for TOM and SOM,
respectively). This may be due to fewer homogeneous weight vectors
along the neural chain of the TOM algorithm, resulting from the re-
striction of learning to the adaptation of only one weight vector per
learning step. Fewer homogeneous weight vectors may be favorable
because they allow a more extensive exploration in the space of neu-
ral mappings, yielding a higher probability of finding the globally
optimal solution (i.e., a map without fractures).

The facilitation of learning by temporal stimulus distances was verified
statistically by a chi-square test for homogeneity (Sachs, 1999). Fifty (43, 33)
of 50 learning processes were successful for the TOM algorithm in inter-
action mode (TOM algorithm in SOM mode, SOM algorithm), resulting in
topographic maps without fractures. Accordingly, the hypothesis of equal
success probabilities for TOM learning in interaction mode and (1) TOM
learning in SOM mode (χ2 = 7.5) and (2) SOM learning (χ2 = 20.5) is re-
jected on a significance level 1 − α = 0.99 (χ2

1;α=0.01 = 6.6). The hypothesis
of equal success probabilities for TOM learning in SOM mode and SOM
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learning (χ2 = 5.5) is rejected only on the significance level 1 − α = 0.95
(χ2

1;α=0.05 = 3.8).

3.3 Competition of Stimulus Topologies. In this section, TOM learn-
ing is analyzed with deviating spatially and temporally defined stimulus
topologies. Competition of stimulus topologies results: one topology dom-
inates or both topologies yield an intermediate representation in which the
two stimulus topologies are intermingled.

3.3.1 Experimental Set-Up. In order to capture the characteristics of TOM
learning, spatiotemporal stimuli are generated that constitute a generic toy
example: spatial stimuli follow from permuting coordinates and numbers
of the stimuli defined in equation 3.5 such that the temporally and spatially
ordered stimuli form patterns that can easily be distinguished by visual in-
spection, as in Figure 5B (ISIs set according to equation 3.3; for details see
Wiemer, 2001). In accordance with the more difficult learning task of devi-
ating topologies, the number of neurons is reduced, the number of learning
steps is increased, and other model parameters are adjusted appropriately
(Ns = Nc = σk = σ0 = 1/σf = 10, v = Vs = 1, α = 0.01, nf = 5 · 106,
n′

f = 0.9 · nf ).3

3.3.2 Results. Our experiment yields:

1. Topography according to temporal topology. Temporally defined topol-
ogy can be transferred into topographic structure even if it deviates
from the topology given by the spatial structure of the stimuli (see
Figure 5C, bottom row, left). Here, weight vectors correspond to pre-
sented stimuli and are ordered along the chain of processing neurons
according to temporal stimulus distances (see Figure 5B, top).

2. Topography according to spatial topology. Spatially defined topology is
learned if interactions between wave and feedforward activation are
weak, as in SOM mode (see Figure 5C, bottom, right). Here, weight
vectors correspond to presented stimuli and are ordered along the
chain of processing neurons according to spatial stimulus distances
(see Figure 5B, bottom).

3. Topography of mixed topologies. Intermediate interaction strengths yield
maps whose structures lie between the above two cases (κ = 2 in
Figure 5C, middle). Here, weight vectors correspond to averaged pre-
sented stimuli and are ordered according to temporal and spatial stim-
ulus distances.

3 The results of this section are also obtained with the same parameters as in the
previous two sections if only the parameter of stimulus overlap, γ , is reduced.
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Figure 5: Competition of topologies. Self-organization leads to different to-
pographies depending on the strength κ of stimulus interaction. (A) Temporal
course of average spatial (left) and temporal map error (right). (B) Spatial struc-
ture of the applied stimuli ordered according to temporal and spatial topology.
(C) Representative emerged maps for different interactions (κ = 5, 2, 0.01) and
at different instants during learning (n = 2 · 106, 5 · 106).

4. Weight vectors average according to different topologies. The top and bot-
tom rows of Figure 5C present different instants during self-organiza-
tion: n = 2 · 106 at noise level σnoise ≈ 1.3 and n = 5 · 106 at σnoise = 0.1,
respectively. The weight vectors are more (top row) and less strongly
averaged stimuli (bottom row). Averaging is performed over those
stimuli that are represented by neighboring neurons. If the interac-
tion is strong, neighboring neurons average over temporally neigh-
boring stimuli (top row, left). If the interaction is weak, neighboring
neurons average over spatially neighboring stimuli (top row, right).
Intermediate interaction yields intermediate results (top row, mid-
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dle). In all cases, the learned type of topography affects the set of
resulting weight vectors as long as the level of noise is sufficiently
high.4

The learning results shown for κ = 5, 2, and 0.01 in Figure 5C are typical:
they were obtained in 14, 20, and 20 out of 20 learning processes, respec-
tively.

Figure 5A suggests the division of TOM learning in two phases (aver-
age over 20 runs): an initial ordering phase (up to about n = 106) in which
the randomly structured initial mapping is adapted toward the representa-
tion of the presented stimuli and toward both topologies, and a following
convergence phase in which, depending on interaction strength, learning
is dominated by spatial or temporal topology. With regard to spatial (tem-
poral) topology, the average map error decreases to its lowest value for
κ = 0.01 (κ = 5) and increases slightly for κ = 5 (κ = 0.01) during the
convergence phase (see Figure 5A, left (right)).

Let us return to the important issue of how the starting point of wave
propagation is selected. The TOM algorithm is designed so that topogra-
phies corresponding to temporally defined topology are stable fix points for
sufficiently small noise. This is fulfilled only if wave propagation starts from
the locus of maximal feedforward activation. For example, TOM learning
with κ = 5 and σnoise = 1 destroys the perfect temporal topology shown in
Figure 5C if wave propagation starts from the learning neuron. First, due
to noise, weight vectors of nonoptimally determined learning neurons are
adapted toward presented stimuli. Then nonoptimal learning neurons serve
as starting points for wave propagation and yield inadequate time-to-space
transformations with further inadequate weight vector changes. Thereby,
noise of successive learning steps adds up and leads to a destruction of
temporal topography.

3.4 Application to Seminatural Spatiotemporal Stimuli. This section
shows the exemplary application of the TOM algorithm to seminatural spa-
tiotemporal stimuli, that is, natural spatial stimuli with systematic temporal
relations set by hand. In addition to the results obtained in the previous
sections, we show how spatial topology and temporal topology supple-
ment each other to form topographic structure integrating features of both
topologies.

3.4.1 Experimental Set-Up. A CCD camera system (PULNIX TM-765,
16 mm, f 1.4) was applied to take pictures of 10 people from five different

4 Noise in the TOM algorithm refers to random, normally distributed shifts within a
given neural topology. Accordingly, the level of noise in TOM learning expresses the degree
of cooperation or redundancy of adjacent neurons: how similar and interchangeable their
responses are.
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Figure 6: Seminatural spatiotemporal stimuli. (A) Spatial structure of the five
stimuli of one person. Pictures were centered, cut to about square shape, and
edge filtered. Temporal distances were set proportional to viewing angle differ-
ences; see the text for details. (B) Euclidean distances of averaged views in the
form of the corresponding distance matrix (white (black): minimum (maximum)
distance). The Euclidean distance of averaged views varies about monotonically
with the difference in viewing angle. (C) Distance matrix of single views. The
monotonic relationship between distance and difference in viewing angle is not
generally preserved on the level of single views.

perspectives (left profile, left half profile, front, right half profile, and right
profile). The images were centered, cut to about square shape (54 rows ×
55 columns), and filtered by a Canny edge detector (see Figure 6A for an
exemplary series of stimuli obtained for one person). For averaged views,
spatial Euclidean distance varies monotonically with the difference in view-
ing angle (see the corresponding distance matrix in Figure 6B). However,
this relationship is not preserved on the level of single views (see Figure 6C):
the diagonal 5 × 5 matrix structure of Figure 6B in which distance increases
monotonically with difference in viewing angle is not reproduced by the
5 × 5 submatrices comparing the views of different people.
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The stimuli are presented to the TOM algorithm as follows:

1. Every tenth learning step, a person is randomly drawn.

2. Ten stimuli of that person are randomly drawn and successively pre-
sented to the network.

3. The ISIs between these stimuli are set proportional to their differences
in viewing angle,

isin = 4
π

|φn − φn−1|, (3.7)

φn, φn−1: viewing angles in radians of stimuli sn, sn−1 . The ISIs between
different 10 stimuli groups are set to infinity,

isi10·m+1 = ∞, (3.8)

for m ∈ N, m < nf /10.

Thereby, ISIs vary systematically between views of the same person, but
views of different people are not temporally linked.

All model parameters are set in accordance with the numerical experi-
ments presented in the previous sections (Nc = σk = σ0 = κ = 5, v = 1,
α = 0.01, nf = 105, and n′

f = 0.9 · nf ). The results of self-organization are
evaluated by visualizing weight vectors and feedforward activations and
determining which neurons are maximally activated by averaged views
(e.g., averaging all left profiles).

3.4.2 Results. The TOM algorithm yields the following two major re-
sults:

1. View-specific neurons. Neural weight vectors emerge that correspond
to averaged views (see Figure 7A). Averaged left profiles are coded
in neuron 1, averaged left half profiles in neuron 2, and so on (see
Figure 7B). The view specificity of neurons is also clearly visible on the
single stimulus level of neural feedforward activation (see Figure 7C).

2. Viewing angle topography. The view-specific neurons are ordered ac-
cording to viewing angle, that is, according to temporally defined
topology.

The results are remarkable for three reasons: First, due to the stimuli’s
spatial Euclidean distances presented in Figure 6C, the results cannot be ob-
tained by the SOM algorithm. Second, they confirm the results of section 3.3
that temporal topology dominates the self-organization of topography for
sufficiently strong interaction. Third, they show that spatial topology sup-
plements temporal topology in the process of topography formation: Tem-
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Figure 7: Spatiotemporal topography from seminatural spatiotemporal stimuli.
The application of seminatural spatiotemporal stimuli to the TOM algorithm
yields a topographic structure that incorporates aspects of temporal and spatial
topology. (A) Final weight vectors correspond to views averaged over people.
(B, C) Final topographic coding of averaged and single views, respectively.

poral topology does not entirely determine the resulting topographic struc-
ture but allows the self-organization of different structures. The remaining
degrees of freedom within topography from temporal topology are reduced
by spatial topology. Although views of different people are not temporally
linked, stimuli of different people with the same viewing angle are aligned.
For example, left profile and right profile stimuli are only rarely mixed (see
Figure 7C). This results from spatial stimulus structure: on the average,
right profile stimuli are closer to right profile stimuli than to left profile
stimuli.

4 Discussion

The biological relevance of our numerical simulations is stressed in sec-
tion 4.1. Promising future numerical experiments and model developments
are discussed in section 4.2.
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4.1 Biological Significance. The spatiotemporal correlations imple-
mented in section 3.1 by equation 3.4 as a linear increase of speed along
the sensory layer are motivated by the visual flux resulting mainly from
self-motion and the projection geometry of objects onto the retinas: aver-
age stimulus velocities are small in the fovea and increase monotonically
to the periphery (Gibson, 1950; Lappe & Rauschecker, 1995). The position-
dependent speed of stimuli yields a nonlinear topographic mapping be-
tween stimuli and neurons. The logarithmic structure shown in Figure 3B
(right) is analogous to the retinotopy in the primary visual cortex of mon-
keys (Schwartz, 1980; Gattass, Sousa, & Rosa, 1987; Fritsches & Rosa, 1996)
and also of humans (DeYoe et al., 1996; Tootell et al., 1998). The analogy com-
prises two features. First, neural magnification is high in the fovea, where
stimulus speed is small, and low in the periphery, where stimulus speed is
high. Second, RF size varies the other way around: foveal neurons possess
small RFs, whereas peripheral neurons possess large RFs. The latter feature
is not only experimentally observed in biological systems; it is reasonable
from a functional perspective: neurons representing regions with high stim-
ulus speed must have large RFs in order to capture information about the
spatial structure of stimuli.

Facilitation of topography learning was demonstrated in section 3.2. For
example, the phenomenon could occur in the self-organization of topogra-
phy in early sensory cortices. Stimuli along sensory surfaces typically extend
over many neighboring sensors, activating local regimes of sensors (Szepes-
vari, Balazs, & Lörincz, 1994). The degree of overlap of these regimes deter-
mines the spatial nearness of stimuli. Distinctly and systematically varying
spatial Euclidean distances result. Cortical maps that express the order of
sensors can be learned solely based on such spatial stimuli (Willshaw &
von der Malsburg, 1976; Szepesvari et al., 1994). However, as natural stim-
uli develop continuously, the map formation in early sensory cortices can
additionally profit from temporal stimulus relations. This was exemplarily
shown in Figure 4: temporal stimulus distances may facilitate the learning
processes similar to the facilitation observed in the numerical experiment.
In addition, they may deform the resulting topographic maps, similar to the
nonlinear map of Figure 3B (right).

The toy example of section 3.3 is biologically significant because it stresses
the possible role of temporal stimulus relations for topographic stimulus
representation. Based on generic stimuli, the numerical experiments show
that elementary biologically plausible mechanisms, like Hebbian learning
and neural dynamics from local interactions, are sufficient to transfer tem-
poral stimulus relations into neural topography. Accordingly, the TOM al-
gorithm extends self-organization from its dependence on purely spatial
stimuli to its more natural dependence on spatiotemporal stimuli.

The numerical experiment presented in section 3.4 shows how the TOM
algorithm is applicable to natural stimuli (e.g., high-dimensional visual
stimuli). The obtained topographic representation of faces is analogous
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to the representation found by Wang, Tanaka, & Tanifuji (1996) in the in-
ferotemporal cortex of monkeys. The results fit well to the more general
hypothesis that complex three-dimensional objects are learned and repre-
sented as collections of two-dimensional views (Bülthoff, Edelmann, & Tarr,
1995; Logothetis & Pauls, 1995; Wallis & Bülthoff, 1999). The TOM algorithm
allows these approaches to link to the general framework of spatiotemporal
self-organization.

Note that the used image preprocessing is biologically plausible: edge
detection is a well-known biological process performed in the retina (Hubel,
1995), and centering of images is performed within the “what path” of visual
stimulus processing yielding neural selectivities in higher visual cortex that
are invariant under spatial stimulus shifts (Tanaka, 1997; Ullman, 2000).

It has been speculated that many more cortical topographies exist in
addition to those that are already known, which are mainly limited to early
cortical areas (Ritter, 1990; Kohonen & Hari, 1999). The TOM algorithm offers
a new perspective for the search of topographies stressing the importance of
temporal stimulus relations. It is straightforward to predict topographies in
those cortical areas that process stimuli with systematic temporal relations.
For example, in the primary motor cortex, topographic structure has been
found only on a larger spatial scale (of about 1 cm) than the topographic
structure in the primary somatosensory cortex (spatial scale of about 1 mm).
The primary motor cortex may be topographically structured on the same
spatial scale as the primary somatosensory cortex, preserving the temporal
topology of muscle activities in movements.

Finally, the TOM approach may prove valuable in the context of learning
of place cells in rats. These are nerve cells found in the hippocampus rep-
resenting places of the animal’s explored environment (Gothard, Skaggs, &
McNaughton, 1996). The application of the TOM algorithm is reasonable
because temporal relations between represented places are given by typical
traveling times of the rat. However, there is currently no evidence for the
topographic arrangement of place cells (McNaughton, personal commu-
nication, 2000). Accordingly, the TOM algorithm can be applied only in its
nontopographic interpretation, stressing that neural waves propagate along
neural connections. If the neural connections are not locally and randomly
distributed, the resulting space of wave propagation does not correspond to
anatomical positions in the brain. This may be the case in rat hippocampus.

The TOM algorithm comes from an earlier model developed in order
to explain findings of neurobiological learning experiments (see Wiemer,
Spengler, Joublin, Stagge, & Wacquant, 1998, and Wiemer, Spengler, et al.,
2000). In these studies, the idea of two opposing time-dependent processes
was introduced: integration as a reduction of representational distance and
segregation as an increase of representational distance. Both processes were
based on wave propagation and spatiotemporal interaction comparable to
steps 2 and 3 of the TOM algorithm. In spite of the essential differences
between the earlier model and the TOM algorithm that were pointed out in
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sections 2.2 and 3.3.2, the experimental data simulated by the earlier model
can also be explained by the TOM algorithm. The application of the TOM
algorithm to the experimental data and the interpretation of its numerical
results are straightforward and analogous.

The experimental verification of the new predicted features could be a
significant step toward understanding how functional meaningful cortical
topographies, which may establish the basis for powerful biological infor-
mation processing, emerge by self-organization.

4.2 Outlook. The TOM algorithm was applied to three artificial generic
sets and one seminatural set of spatiotemporal stimuli. This allowed us to
show typical learning behaviors of the algorithm that depend systematically
on the strength of interaction between stimuli. It is now straightforward to
apply the TOM algorithm to entirely natural sets of stimuli:

• Natural spatiotemporal stimuli. TOM learning could be applied to more
complex natural stimuli that are not restricted to spatial structure,
thereby generalizing the term natural stimulus as used in Andres, Mal-
lot, and Giefing (1992), Olshausen and Field (1996), Mayer, Herrmann,
Bauer, and Geisel (1998), and Wiemer, Burwick, and von Seelen (2000),
and that are not seminatural in the sense of section 3.4. Instead, natu-
ral temporal sequences of spatial activity patterns could be used. Such
sequences could, for example, be obtained from recordings of sounds,
visual scenes, or movement patterns in accordance with typical animal
behavior (Einhauser, Kayser, König, & Kording, 2002).

• Spatiotemporal stimuli with noisy temporal stimulus relations. The effect of
noise in temporal stimulus relations on the self-organization process
could be analyzed. On the one hand, only exact temporal stimulus
distances were calculated and applied in the above numerical experi-
ments, that is, no noise was applied to time-to-space relations. On the
other hand, noise was explicitly added as a necessary separate step
of the algorithm in the form of neural shifts. To some extent, the two
different sources of noise are interchangeable.

It is essential to continue to relate the resulting topographic maps to bio-
logical findings. Further numerical and biological experiments are required
to answer the question whether the concept of time-to-space transforma-
tions is applied by the brain in order to establish dynamic topographic
stimulus representations.

Concerning the further development of the TOM algorithm, two issues
constitute the main challenges for future work. First is the flexible linking
of timescales. The timescales of stimulus dynamics and neural dynamics
should be less rigidly linked to each other. In the simulations, neural wave
velocity was a critical system parameter linking temporal stimulus distances
with spatial representational distances. The resulting neural representations
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correspond to the processing of stimuli at one fixed timescale. This is func-
tionally reasonable in cases where canonic timescales exist, as in the average
visual flux (Wiemer, 2001).

In other cases, such as the representation of objects in higher visual cor-
tex, the timescales of cortical dynamics and stimulus dynamics should be
less rigidly linked because of the variability of object speed: neural wave
velocity has to be context dependent. Such velocity modulations could be
achieved by inputs from cortical areas dealing with stimulus context or mo-
tion perception, as from the prefrontal cortex (Asaad & Miller, 2000) or from
medial temporal and medial superior temporal cortex (Orban et al., 1992),
respectively.

The second challenge is the functional integration of processes. It is rea-
sonable to incorporate time-dependent feedforward integration in the TOM
algorithm. In biological systems, this may be realized by Hebbian learn-
ing and additional dynamics, such as delay dynamics of gating neurons
(Becker, 1999) or sensory decay dynamics (Wiemer et al., 1998; Wiemer,
Spengler, et al., 2000), or more directly by a learning rule that superimposes
past stimuli (Edelman & Weinshall, 1991; Földiak, 1991; Wallis & Bülthoff,
1999). Thereby, stimuli may be additionally associated according to their
temporal distances. The two processes, active extrapolating time-to-space
transformation and passive interpolating superimposition of stimuli, can be
combined to facilitate elaborated stimulus processing in biological as well
as artificial systems.

5 Conclusion

We have presented a new algorithm denoted time-organized map (TOM)
for the self-organization of topography in neural networks based on spa-
tiotemporal signals. The algorithm transfers temporal signal distances into
spatial signal distances in topographic neural representations and estab-
lishes signal representatives in the form of averaged neural weight vectors.
The time-to-space transfer is functionally reasonable if the relatedness of
signals can be deduced from their closeness in time, for example, due to
underlying physical processes transferring one signal into the next signal.
In these cases, the TOM algorithm can be applied in order to generate useful
topographic signal representations. The learning capacity of the algorithm
was illustrated by four examples of self-organization based on different
sets of spatiotemporal stimuli. The TOM algorithm can serve as (1) a model
for the interpretation and prediction of experimental data concerning to-
pographies in biological neural networks and (2) a tool for the analysis and
visualization of spatiotemporal signals.

We have developed the TOM algorithm from biological grounds. After
simulating reorganizations experimentally observed in primary somatosen-
sory cortex (Wiemer, Spengler, et al., 2000), we have further developed the
approach to generate the approximately logarithmic retinotopic mapping of
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primate primary visual cortex (see Figure 3) and to generate the topographic
structure of face representation in inferotemporal cortex (see Figure 7). The
TOM algorithm generalizes our perspective on cortical self-organization
pointing toward:

• Universal self-organization. In accordance with cortex universality, a uni-
fied self-organization process can generate cortical topographies that
express spatial, temporal, and mixed spatiotemporal stimulus topolo-
gies. The strength with which current and former stimuli interact in
the network determines which stimulus topology is transfered into
topography.

• Active stimulus representation. Cortical topographies do not just pas-
sively receive and represent stimuli. They apply dynamics to embed
stimuli in their temporal context in order to predict future stimuli. This
can improve the speed and success rate of stimulus recognition.

• Relevance of temporal topology. We predict time-organized topographies
in cortical areas representing signals with systematic temporal rela-
tions, such as views of three-dimensional objects in higher visual cortex
and elementary movements in primary motor cortex.
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