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Abstract— For unsupervised sequence processing,
standard self organizing maps (SOM) can be naturally ex-
tended by recurrent connections and explicit context rep-
resentations. Known models are the temporal Kohonen
map (TKM), recursive SOM, SOM for structured data
(SOMSD), and HSOM for sequences (HSOM-S). We dis-
cuss and compare the capabilities of exemplary approaches
to store different types of sequences. A new efficient model,
the Merge-SOM (MSOM), is proposed, combining ideas of
TKM and SOMSD, and which is well suited for processing
sequences with dynamic multimodal densities.

1 Introduction

Kohonen’s self-organizing map (SOM) is a very intuitive
and powerful tool for mining high dimensional data sets [8].
The computational results essentially depend on two priorly
chosen ingredients: the metric for data comparison, and
the grid topology of the self-organizing map. SOM yields
excellent results if the intrinsic dimensionality of data is
low and the input features are scaled appropriately to match
the Euclidean metric. In other cases, several alternatives to
overcome the problem of potential topology mismatches in
more complex situations have been suggested, e.g. the us-
age of non-Euclidean grids [11], the adaptation the of the
lattice dimensionality during training [2], or data optimal
dynamic neuron connectivity [10]. Moreover, approaches
which adapt the metric according to auxiliary information
have been proposed for handling high dimensional and het-
erogeneous data [7]. Unfortunately, the paradigms of self-
organization cannot be easily transferred to non-vectorial
data like time series or more general graph structures. The
yet most common workaround for neural time-series pro-
cessing is the temporal unfolding by embedding the data
into a finite dimensional vector space [9, 12]; however, the
Euclidean metric and standard rectangular lattices are sel-
dom appropriate for matching the resulting possibly com-
plex data topology. Other approaches recursively model se-
quential data [3, 4, 13, 14, 15], see e.g. [1] for an overview.

Unsupervised neural sequence processors with recur-
rent connections compare single sequence elements recur-
sively. Thereby, the similarity structure of entire sequences
emerges by the integration of the recursive comparison. In
contrast to their supervised counterparts, a variety of mod-
els exists for unsupervised recurrent self-organizing net-
works: the temporal Kohonen map (TKM), the recurrent

SOM (RSOM), recursive SOM (RecSOM), and SOM for
structured data (SOMSD), to name just a few [3, 4, 14, 15].
It is not clear which model performs best in certain situa-
tions, and the representation capacities of those approaches,
their similarities and differences are only partially under-
stood. Recently, a general framework has been proposed
to cover these approaches in a unified notation [5, 6]: they
obey the same recursive dynamics, but they differ in their
way of internally representing the temporal context. A cru-
cial point for understanding the models is addressed by the
question about the representational capabilities and the en-
coding characteristics of sequences by the used temporal
context. Important theoretical aspects, such as the dynam-
ics of training, the resulting metric structure, and the no-
tion of topology preservation can be investigated within the
scope of that question. First steps can be found in [5, 6].
Here, we will consider the capacity of several context mod-
els for representing various types of sequences. Just to men-
tion it, the more elaborate the context models, the better
the dealing with complex sequences. The capacity of sim-
ple models like TKM is restricted to short sequences over
a finite alphabet, which can be represented by the models.
However, due to the algorithms’ just implicit learning of
context, to be explained in the next section, it is likely to be
affected by noise and topological mismatches. We will ar-
gue that the range of context representation cannot be used
in an optimal way because of this implicit definition. As an
alternative, we propose a new simple model which yields
the same encoding strategy but which uses an explicit con-
text representation, a separate adaptation of the context, and
which therefore provides a better exploitation of the possi-
ble range.

Now, we introduce some recursive unsupervised models
for sequence processing and discuss their respective notion
of context. After that, we propose a new simple alternative
to TKM. In three benchmarks we demonstrate its represen-
tation capabilities with different types of time series.

2 SOMs for sequence processing

The self organizing map is given by a set of neurons
N = {1, . . . , K} equipped with weightswi ∈ R

n, and a
topology of the neural arrangement with a functiondN :
N × N → R. Often, neurons are connected in a two or
low-dimensional grid anddN denotes the distance of two
neurons in that grid. A similarity measure on the weight



spaceRn is fixed; for simplicity, we will assume the stan-
dard squared Euclidean metric| · |2. The goal of training
is to find weights which represent a given set of data points
in R

n in such a way that the topology of the neural grid
matches the topology of the given data: data points are iter-
atively presented, and the weights of the closest neuron and
its neighbors in the grid are adapted towards the given point.
Popular alternatives to the standard SOM are the neural gas
(NG) and the hyperbolic SOM (HSOM). The HSOM model
operates on a lattice with exponentially increasing neigh-
borhood size [11]; NG adapts all neurons according to their
rank with respect to the distance from the current data point,
i.e. according to a data-driven optimal lattice structure [9]
without topology constraints.

Several popular models extend SOM by means of recur-
rent connections: assume a sequence of data points inR

n,
whereat, an entryt of the sequence at timet, is presented:

TKM recursively computes the distance of neuronj from
at as

d̃j(at) = (1 − α) · |at − wj |2 + α · d̃j(at−1)
=

∑
i≥0(1 − α) · αi · |at−i − wj |2

α ∈ (0, 1) is fixed and denotes the influence of the con-
text compared to the currently presented training pattern.
As for standard SOM, the neuron with smallest distance be-
comes winner and the weights in its inclusive neighborhood
are adapted towards the given training patternat. Tempo-
ral context for TKM is represented by the activation of the
winner neuron in the previous time step. Obviously, this
context choice can also be combined with hyperbolic lat-
tice structures and the data dependent neighborhood of NG.

RecSOMuses a much richer notion of context [15]: be-
sides a weightwi ∈ R

n, each neuroni possesses a vector
ci ∈ R

N representing the temporal context as the activation
of the entire map in the previous time step. Here,

d̃j(at) = α · |at − wj |2 + β · |Ct − cj |2

wherebyα, β > 0 are fixed values to control the influ-
ence of the context compared to the presented sequence ele-
ment. The context is given byCt := (exp(−d̃1(at−1)), . . . ,
exp(−d̃N (at−1))). Training adjusts both weights and con-
texts of neurons in the inclusive neighborhood of the winner
towards the current valuesat andCt. This context type can
be used also for hyperbolic lattices or NG-topology. How-
ever, this context model is costly because its dimensionality
coincides with the number of neurons in the map.

SOMSD has been proposed for general tree structures
[4], and we only describe the special case of sequences.
Like for RecSOM, additional context vectorsci ∈ N for
each neuron are used, which store computationally inex-
pensive information about the previous map state: the win-
ner in the previous step. Here

d̃j(at) = α · |at − wj |2 + β · dN (it−1, cj)

wherebyit−1 denotes the index of the winner in stept − 1
and dN the measuring function for distances in the grid,

usually the squared Euclidean distance of the neurons’ co-
ordinates in their low-dimensional lattice. During train-
ing, weights and contexts of the winner’s inclusive neigh-
borhood are adapted towardsat and it−1, respectively.
Thereby, the grid topology and indices of neurons are em-
bedded into a real-vector space. Since the distance between
context vectors is defined by the lattice dependent mea-
suredN , this approach must be carefully revised to han-
dle alternative lattices. It can be expected that regular grids
produce topological mismatches if complex sequences are
dealt with.

HSOM-S transfers the idea of SOMSD to hyperbolic lat-
tices (or more generally arbitrary grids given by a trian-
gulation of a two-dimensional manifold) which might bet-
ter match the data topology [13]. The hyperbolic space
is thereby locally approximated by Euclidean geometry
within triangles. For a stable learning, the context influence
is augmented from 0, which yields initial weight-driven
SOM ordering, to a desired value.

Obviously, RecSOM offers the richest notion of context
– temporal context is represented by the activation of the
entire map in the previous time step – but also constitutes
the computationally most demanding model. SOMSD and
HSOM-S still use global map information, but in a com-
pressed form; storing only the location of the winner is
much more efficient, albeit somehow lossy, in comparison
to the whole activity profile. However, context similarity
depends on a priorly chosen grid topology and a data op-
timal NG topology cannot be used. TKM context is given
by the activation of only the neuron itself. The context is
just implicitly represented within the weights of neurons in
R

n. Hence, the domain of its sequence representations is
restricted to the domain of sequence entries. The question
now occurs which sequences can be represented by which
context types; given an explicit context type, a specific type
of time series (i.e. continuous or discrete entries), a fixed
time horizonT (possibly infinite), and also given enough
neurons: can we then find a map using this context such
that every part of a time series of lengthT (possibly after
discretization of its elements) is represented in the map by
a separate winner? Moreover, which data-driven explicit
encoding of the context is generated by the map?

Since a finite number of neurons is available, only a fi-
nite time horizonT and a data discretization can be stored
in the map, and we therefore focus our considerations to
discrete sequence entriesS ⊂ R

n. 1 SOMSD and HSOM-
S can represent finite length discrete sequences as follows:
assume thati is the index of a winner which represents se-
quence[a1, . . . , at]. Then neuronj with wj = at+1 and

1Even a continuum of neurons would be subject to restrictions: the rep-
resentation space for sequences is given byR

n+r wherer = 0 for TKM
andr is given by the lattice dimensionality for SOMSD or HSOM-S. It
is a well known fact from topology that continuous and injective map-
pings from a high dimensional vector space to lower dimensions do not
exist (Theorem of Borsuk). Hence, an upper bound on the time horizonT
of representable continuous sequences exists which is independent of the
number of neurons for these models. For RecSOM the context would be
infinite dimensional if a continuum of neurons was dealt with.



cj = i is best matching for the sequence[a2, . . . , at+1]. Se-
quences of lengtht can therefore be internally represented
by the index of the winning neuron, i.e. their location in
the map. Experiments in [4] demonstrate that this form of
representation is found by Kohonen’s learning rule. In par-
ticular, we can find for every finite horizonT a map (with
a sufficient number of neurons) of which the neurons rep-
resentall sequence parts of lengthT over a finite alphabet.
Note, that the issue of topology preservation is excluded
from this argumentation. The neighborhood connectivity
of sequence data is an exponential function of the length if
arbitrary element concatenation is allowed. Obviously, this
data topology is incompatible with a standard grid struc-
ture; as a result numerous neurons in a trained map do not
become winner or they develop ambiguous contexts. As
we will show in our experiments, quite a large number of
idle neurons can also be observed even for the exponential
neighborhood of HSOM-S.

RecSOM stores sequences by modeling the context as the
exponentially transformed activation of the entire map. It
can be expected that the activation profile of a trained Rec-
SOM displays unimodal activation, or an activation with
only a few modes, corresponding to the fact that one spec-
ified neuron is activated by the given sequence entry and
only some possible predecessors. Hence, this context en-
ables a more detailed representation than the winning neu-
ron only; especially complex sequences with high informa-
tion gain can be well handled by this kind of context with-
out producing many idle neurons.

In contrast to these approaches, the range of the im-
plicit context representation of TKM is fixed to the weight
range, and just using more neurons does not affect this
range. Any information concerning the context in which
neuroni should become active has to be stored in the vec-
tor wi ∈ R

n. For a given sequence[a1, . . . , at], one can
compute the weightwi ∈ R

n in the weight range which
yields optimal activation:

wi =
∑

j≥0

αjat−j/
∑

j≥0

αj

If sequence entries come fromS = {1, . . . , n} a value
α = 0.1n+1 yields, up to a scaling factor, a representation
of the sequence inwi to basen+1. Thus, the recursive com-
putation of the winning neuron is based on an encoding of
sequences of finite time horizon in the weights that is simi-
lar to fractal codes like the Cantor set. In principle, discrete
sequences can be encoded this way in TKM; their number
is restricted by the weight rangeRn and by the computation
accuracy.

However, such encoding is only partially obtained by
standard Kohonen training. We consider two simplified
situations: assume that the range of neighborhood adapta-
tion σ is very small and that only the winneri0 is adapted
in each step with learning rateη > 0. Then the train-
ing steps4wi = η · exp(−dN (i, i0)/(2σ2)) · (at − wi)
yield an adjustment of weightwi of the winneri for se-
quence[a1, . . . , at] towards only the last entryat (or all

entries for whichi becomes winner), and the above frac-
tal encoding of the context is not achieved in this situation.
Conversely, assume that by the range of the neighborhood
adaptation the weight of a neuroni is adapted towards the
current sequence element in each step with a constant factor
η0 = η · exp(−dN (i, i0)/(2σ2)). Then Kohonen’s learning
rule yields the weightwi =

∑
i≥0 η0(1 − η0)iat−i + (1 −

η0)twi(0) after presentation of[a1, . . . , at] starting from
weightwi(0). This is a fractal encoding, whereby param-
eterη0 has to be chosen according to the respectiveα of
the recursive dynamics. Such encoding, however, is only
realized in the special update situation where all sequence
entries have an effect on the weight of the winner in step
t. For small neighborhood range, this situation only takes
place, if the winners after each step are located within a
similar region of the map.

In addition, even if fractal encoding could be achieved
during training, the weight range is presumably not optimal
for context encoding: the parameterα determinesboth the
influence of the context in comparison to the current value
(i.e. the metric) and the location of weights with optimal
response (i.e. context representation). On the one hand,α
is chosen small to ensure a stable recursive dynamic and
to bring forth an appropriate influence of the current entry
on the similarity adaptation [15]. On the other hand, an
optimal distribution of the context withinRn would require
anα depending on the size of the sequence alphabet, which
is not related to stability issues.

3 Merge-SOM

We propose Merge-SOM (MSOM), an alternative to TKM,
which also encodes contexts within the weight spaceR

n,
based on fractal codes, but which uses an explicit represen-
tation of the context and a separate adaptation for which ap-
propriate representations can be achieved with Kohonen’s
learning rule: For MSOM, each neuron is equipped with
a tuple(wi, ci) ∈ R

2n wherebywi represents the actual
weight andci the context. The distance of the sequence
entryat from neuronj is recursively computed by

d̃i(at) = (1 − α) · |at − wj |2 + α · |Ct − cj |2

whereby context

Ct = β · wIt−1 + (1 − β) · cIt−1 ,

is defined as the linear combination (the merging) of the
weightwIt−1 and the contextcIt−1 of the last winner in the
computation, for which the index is denoted byIt−1. A
typical merging value forβ > 0 is 0.5. Training iteratively
rotates the weight and the context vectors of a neighbor-
hood of the winner towards the valuesat andCt. Hence,
like for SOMSD and RecSOM, the context is stored explic-
itly in the neurons and adapted separately from the weight.
As for TKM, context is represented in the weight space.
MSOM shares the efficiency of SOMSD and HSOM-S due
to this compressed context representation. Since this notion



does not refer to the lattice distance, one can use the con-
text of MSOM also with hyperbolic grids as well as the data
optimal grid of neural gas. We will use the data dependent
topology of NG in the following experiments and refer to
the model as MNG.

MNG as an instance of MSOM stores sequences in the
same way as TKM, as can be seen as follows: assume that
discrete sequences are used and that weights and contexts
are already specialized, i.e. the weightwi of the current
winner approximates the presented sequence entryat and
the contextci nearly coincides with the respective context
Ct computed at this time step in the map. For a given time
stept, contextCt can then be unfolded to

Ct = (1 − β) · wIt−1 + β · cIt−1

≈ (1 − β) · at−1 + β · Ct−1

= . . .
≈ ∑

i≥1(1 − β)βi−1at−i

Thus, context representation is adapted towards a fractal en-
coding of sequences by Kohonen’s learning rule. Note that
the parameterβ, which determines the encoding, can be
chosen independently of the parameterα which determines
the influence of the context on the similarity of sequences.
As an example, if a binary sequence is used,β can be cho-
sen close to0.5 to achieve an optimal covering of the range
for the context representations.

In order to obtain a good value for the context influence
α in the distance calculation, we exploit the entropy of the
neural activity: after the random initialization of weights
and contexts, an increase of the neuron specialization takes
place during training, thus, leading to an overall decrease
of the neuron activation entropy. By augmenting the con-
text influenceα we get a richer state space for the distance
computation, which compels a more detailed winner selec-
tion. In this way, the map activation entropy grows. Our
control strategy forα is to adapt it dynamically at run time:
we increaseα in case of an entropy decay trend and de-
creaseα otherwise, while integrating local fluctuations in
the map activations by means of a momentum term. Empir-
ically, about 1000 entropy values turned out to be sufficient
for mastering a complete training task.

4 Experiments

Three training experiments were carried out to test the per-
formance of MNG in comparison to alternative unsuper-
vised context models. The first set is the Mackey-Glass
continuous 1D time series with quasi-periodic oscillations,
exhibiting a temporally changing cyclic structure. In a sec-
ond task, a discrete sequence from a binary automaton was
used to learn the characteristic words. Our third series is
a 3D space filling curve with continuous physiological ob-
servations, and it was derived from the Santa-Fe time series
contest set known as data set B-1991.
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Figure 1: Mackey-Glass time series.

Mackey-Glass Series: The chaotic Mackey-Glass
time series shown in figure 1 is the first learning experi-
ment. The parameters for this differential equation model
dx
dτ = bx(τ) + ax(τ−d)

1+x(τ−d)10 area = 0.2, b = −0.1, d = 17,
which, for comparison purposes, are the same as given in
other publications [15]. Three models have been trained:
standard NG, the hyperbolic SOM for sequences (HSOM-
S), and the merging neural gas (MNG), each of which con-
taining 100 neurons. The temporal quantization error for
the trained maps has been used as performance index: first,
the receptive field is computed as the average sequence of
a fixed time span (here, 30 steps) for which a neuron is
winner. The quantization error then calculates the vari-
ances for the deviation of the current pattern sequence from
the winner’s receptive field separately for each time entry.
All models got a number of1.55 presentations for training,
and the same number was taken for obtaining the quanti-
zation errors, of which the results are shown in figure 2.
The graphs marked with (∗) show additional results from
Voegtlin [15]. Model parameters have been chosen optimal
for each approach. Different types of dynamics can be ob-
served: (a) strongly oscillating errors for SOM and NG that
do not model temporal context and thus follow the quasi-
periodicity of the presented series, (b) the anti-cyclical be-
havior of the recurrent SOM reflects some temporal repre-
sentation at the expense of other parts of the context2, (c)
and the increasing and weakly oscillating error curves dis-
played for the context processing RecSOM, HSOM-S and
MNG. These latter models show similar properties with

2Recurrent SOM (RSOM) integrates over the vectors instead of only
the distances of weights and sequence entries [14]. For 1D time series as
above, the result is similar to TKM; it can be computed that the optimal
encoding of sequences coincides for TKM and RSOM.
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respect to their growing uncertainty of the past, but Rec-
SOM requires an additional dimensionality of 100 for each
neuron and two more context learning parameters com-
pared to standard SOM; HSOM-S neurons only need to
store the compact 2D-coordinate of the last winning loca-
tion on the map, and the model merely requires one context
control parameter, set toβ = 3% influence here – never-
theless, this compact context representation produces the
same small quantization error as RecSOM; MNG, which
uses the fractal encoding instead of global map activity
information, has got a total dimension of 2 for each neu-
ron, and the parameterβ was set to= 0.75, while the en-
tropy controlledα started atα = 0, taking a final value of
α = 0.82. The trained MNG context values cover the sub-
interval (0.7, 1.15) of the weights interval(0.4, 1.35). All
the neurons are well spread in the context vs. weight plane,
thus, exploiting the maximum possible space for context
representation pretty well, and fractal encoding proves to
be adequate in this case.

Binary Automaton: A further task focused on learn-
ing the most likely binary sub-words of a 0/1-sequence gen-
erated by a binary automaton with the transition probabil-
ities P (0|1) = 0.4 andP (1|0) = 0.3. The two questions
of interest are: how long are the sequences that still lead to
unambiguous winner selection and how many neurons be-
come specialized at all? Figure 3 shows the resulting recep-
tive fields for MNG neurons as a tree, compared to the 100
most likely sequences produced by the automaton. Training
parameters wereβ = 0.45 andη = 0.025, and the initial
value ofα = 0 was steered to a final value of0.37 after106

pattern presentations. Due to the training’s intrinsic mov-
ing target on-context-specialization problem, two neurons
fell into idle state. As expected for zero context influence
in the beginning, the weight specialization to almost crisp
values of0 and1 could be observed; the contexts, however,
fill the interval(0, 1) with a structured density pattern. As a
result, many neurons developed their own receptive fields,
with the exception of transient neurons, indicated by bul-
lets on the interior tree nodes, for which the descendants
represent still longer sequences; after all, a total number of
63 longest words can be discriminated by MNG. For com-
parison, specialization dynamic for HSOM-S is shown in
figure 3 with finally 6% of context influence; this model
requires many interior nodes for representing both the pos-
sible context transitions and idle nodes that are used for the
separation of incompatible adjacent regions on the 2D hy-
perbolic neural grid, producing a total number of 28 distinct
longest represented sequences, but the overall map utiliza-
tion is smaller than for the fractal encoding scheme.

Physiological 3-Variate Series (B-1991): Real life
data has been taken fromphysionet.org . The first
column contains the heart rate, the second the chest vol-
ume, and the third is the blood oxygen concentration. By
spline interpolation the number of 32351 samples has been
increased to 64701 in order to calculate a smooth order
4 polynomial first derivative that purges the linear trends

100 most likely sequences
MNG (2 idle neurons)

100 most likely sequences
H-SOM-S (36 idle neurons)

Figure 3: Upper panel, MNG receptive fields for the binary
automaton; lower panel, HSOM-S receptive fields.

and value shifts in each component. Averages have been
subtracted from the columns and their variances were nor-
malized. Finally, a logarithmic transformx′ = sgn(x) ·
log(|x| + 1) has been computed for each column to ac-
count for the sharp peaks within the otherwise moderate
dynamics. For this preprocessed series, training has been
performed with a 20-fold repetition of the series using the
3D inputs. Figure 4 shows the quantization errors for NG,
HSOM-S, and MNG with 617 neurons each: the error is the
average of the three variances that have been obtained sep-
arately for each column the same way as for the Mackey-
Glass series. As expected, the NG without context is the
worst temporal quantizer, MNG works pretty well until 4
steps in the past and it is then outperformed by HSOM-S.
Since the data set is of roughly unimodal density, a curve
of concatenated spatial loops around the origin0, a long
context integration for MNG falls into the center of the
dynamic. Thus, distinct clusters cannot easily emerge for
larger contexts, making MNG asymptotically resulting in
the standard NG quantization performance. HSOM-S does
not suffer from this problem, and remains on a smaller error
level, because its context representation does not require a
folding of historic information into the weight domain, but
uses the larger domain of indices of neurons instead. The
performance of MNG is not quite as good as HSOM-S in
this case.
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5 Conclusions

The mining of sequential data is a challenging task for vari-
ous interesting areas of application, such as finance, speech
processing, or bio-informatics. It is therefore worthwhile
transferring powerful data mining tools like Kohonen’s self-
organizing map, HSOM, or neural gas from the domain of
finite dimensional vector spaces to these more complex data
structures.

We have discussed various popular recursive self-
organizing models for sequence processing in this paper.
As pointed out, the models differ with respect to the cru-
cial part of how temporal context is represented in the map.
Mainly two types of representations are used: sequence
contexts are either explicitly modeled by storing the loca-
tion of the last winner in SOMSD and HSOM-S, or by keep-
ing more subtle information like the map activation profile
in RecSOM; the range of context representation in these
models is a different and possibly much larger set than the
range of sequence entries. Alternatively, sequences can be
directly stored in the weight space using fractal codes. We
have pointed out that this context representation is used by
TKM, but that it is rather an implicit side effect of the Ko-
honen training, and only limited context information can
actually be represented by TKM. We have proposed an al-
ternative, MNG, which is based on the same idea of context
representation, but for which training leads to better adap-
tation because of the model’s explicit notion of the context.

As demonstrated in experiments, the representation ca-
pability of MNG is competitive to HSOM-S for interest-
ing data sets, although the latter one uses a richer repre-
sentation. Moreover, since context in MNG does not re-
fer to the lattice structure, it can be directly combined with
both SOM and NG for avoiding potential topological mis-
matches, and thus produce good solutions with less idle
neurons than HSOM-S. Naturally, MNG has only a limited
capacity e.g. if space-filling continuous-valued time-series
are dealt with, and this is due to the embedding of context
in the low-dimensional weight vector domain.

This investigation constitutes a step further towards the
design and understanding of canonical, simple, though
powerful self-organizing models for the processing of com-
plex data structures, and there are more steps to be taken.
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