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Abstract

Recurrent Self-Organizing Map (RSOM) is studied
in temporal sequence processing. RSOM includes a
recurrent difference vector in each unit of the map,
which allows storing temporal context from consec-
utive input vectors fed to the map. RSOM is a mod-
ification of the Temporal Kohonen Map (TKM). It
is shown that RSOM learns a correct mapping from
temporal sequences of asimple synthetic data, while
TKM fails to learn this mapping. In addition, two
case studies are presented, in which RSOM is ap-
plied to EEG based epileptic activity detection and
to time series prediction with local models. Results
suggest that RSOM can be efficiently used in tempo-
ral sequence processing.

1 Introduction

Temporal sequence processing (TSP) is a research
area having applications in diverse fields varying
from weather forecasting to time series prediction,
speech recognition and remote sensing. In order to
construct a model for a process, data is gathered by
measuring values of certain variables sequentially in
time. Usually datais incomplete and includes noise.
The goal for model building is to reveal the underly-
ing process from data. Model is estimated by using
statistical methods to find regularities and nonlinear
dependenciesthat exist in the data. Usually the mod-
el that predicts the future of the process most accu-
rately is considered to be the best model.

Several computational techniques have been pro-
posed to gain more insight into processes and phe-
nomena that include temporal information. Statisti-
cal methods based on linear (e.g. AR and ARMA)

and non-linear (e.g. NARMAX and MARS) have
been effectively used in many applications [3]. Re-
cently neural networkshave gained alot of interestin
TSP dueto their ability to learn effectively nonlinear
dependencies from large volume of possibly noisy
data with a learning algorithm. While many archi-
tectures e.g. multilayer perceptron (MLP) and radial
basis function network (RBF) have been proofed to
be universal function approximators, this does not
necessarily imply their usability in TSP,

Traditional way of using neural networks in TSP
isto convert the temporal sequence into concatenat-
ed vector via atapped delay line, and to feed the re-
sulting vector as an input to a network [11]. This
time-delay neural network approach, however, has
its well know drawbacks, one of the most serious
ones of being the difficulty to determine the proper
length for the delay line. Therefore a number of dy-
namic neural networks models have been designed
for TSP to capture inherently the essential context
of the temporal sequence without the need of exter-
nal time delay mechanics. In these models learning
equations are often described by differential or dif-
ference eguations and the interconnections between
the network units may include a set of feedback con-
nections, i.e., the networks are recurrent in nature
(see[11, 14)).

Most recurrent neural networks are trained via su-
pervised learning rules. Only quite rare unsuper-
vised neural networks models have been proposed
for TSP, although, it can be argued that in tempo-
ral sequence analysis unsupervised neural network-
s could reveal useful information from the temporal
seguences at hand in analogy to unsupervised neural
networks' reported power in cluster analysis, dimen-
sionality reduction and visualization of their 'static’



input spaces. Moreover, in many TSP applications
unsupervised learning could utilize more effectively
the available temporal data than supervised learning
methods, because no preclassification or prelabeling
of the input data is needed. Based on the above the
needs for the unsupervised learning methods in TSP
areimmense.

Temporal Kohonen Map (TKM) [1] is one inter-
esting unsupervised approach for TSP derived from
the Kohonen's Self-Organizing Map [6, 7] agorith-
m. In the TKM the involvement of the earlier in-
put vectors in each unit is represented by using a
recursive difference equation which defines the cur-
rent unit activity as a function of the previous ac-
tivations and the current input vector. Recurren-
t Self-Organizing Map (RSOM) proposed original-
ly in [16] can be presented as an enhancement for
the TKM agorithm. In brief RSOM defines a d-
ifference vector for each unit of the map which is
used for selecting the best matching unit and also for
adaptation of weights of the map. Difference vec-
tor captures the magnitude and direction of the er-
ror in the weight vectors and alows learning tem-
poral context. Weight update is similar to the SOM
algorithm—except that weight vectors are moved to-
wards recursive linear sum of past difference vectors
and the current input vector.

Therest of the paper is organized as follows. The
RSOM algorithm is described in detail in section 2.
Classification of temporal sequences, clustering of
EEG patterns and time series prediction are con-
sidered in section 3. Finally some conclusions are
made.

2 Recurrent
Map

Self-Organizing

We present as an extension to the Self-Organizing
Map the Recurrent Self-Organizing Map (R-
SOM) [17, 8] that allows storing certain information
from the past input vectors. The information is s-
tored in the form of difference vectorsin the map u-
nits. The mapping that is formed during training has
the topology preservation characteristic of the SOM.

The Self-Organizing Map (SOM) [6] is a vec-
tor quantization method with topology preservation
when the dimension of the map matches the true
dimension of the input space. In brief topology p-
reservation means that input patterns closein thein-
put space are mapped to units close on the SOM
lattice, where the units are organized into a regular
N-dimensional grid. Furthermore units close on the
SOM are close in the input space. Topology preser-
vation is achieved with the introduction of topologi-
cal neighborhood that connects the units of the SOM
with a neighborhood function, h.

The training algorithm of the SOM is based on
unsupervised learning, where one sample, the input
vector z(n) from theinput space V7, is selected ran-
domly and compared against the weight vector w; of
the unit ¢ the map space ;. The best matching unit
b to given input pattern 2:(n) is selected using some
metric based criterion, such as

lz(n) —wy(n)]| = min {|[lz —w;(n)[}, ()

where|||| denote the Euclidean vector norm. Initially
all weight vectorsare set randomly to their initial po-
sitionsin the input space. During the learning phase
theweightsin the map are updated towards the given
input pattern z(n) according to

wi(n +1) = wi(n) + y(n)hip(n)(z(n) — wi(n)) ,
?
wherei € Viy and y(n), 0 < y(n) < 1, isascaar
valued adaptation gain. The neighborhood function,
hiy(n), gives the excitation of unit i when the best
matching unitisb. A typical choicefor h,;, isaGaus-
sian function Ay, (n) = exp(—||r; — r||?/o(n)?),
where o controls the width of the function and r;,
r, are the N-dimensional SOM index vectors of the
unit ¢ and the best matching unit . During learning
the function h;;, normally approaches delta function,
i.e., o slowly approaches zero as training progress-
es. When good quantization is desired the map has
to be trained with only b in h;;, once the map has or-
ganized. During this quantization stage the gain has
to be sufficiently small to avoid losing the map or-
der, how small exactly varies from case to case. In
order to guarantee convergence of the algorithm, the
gain «y(n) should decrease as a function of time or
training steps according to conditions [13]:

t

lim [ y()dt' = oo,
t—o0 0
t
Jim (y))*dt' = C,C<oo. (3

If the map is trained properly, i.e the gain and the
neighborhood functions are properly decreased over
training a mapping is formed, where weight vectors
specify centersof clusters satisfying the vector quan-
tization criterion:

M
E=min{>_ |lz; — wya,)ll}, 4
j=1

where we seek to minimize the sum sgquared dis-
tance E of &l input patterns, z;,j = 1... M, tothe
respective best matching units with weight vectors
Wo(a;)-

Furthermore[2] relates the point density function,
p(w), of the weight vectors with the point density



function, p(x), of the sampled underlying distribu-
tion in the V;. Density function p(w) is a better ap-
proximation of the underlying p(z) than the approx-
imation p(x) 742 Here d is the dimension of the V7,
achieved with arandom quantizer.

Chappell and Taylor [1] proposed a modification
totheoriginal SOM. This modification, being named
Temporal Kohonen Map, is not only capable of sep-
arating different input patterns but is also capable of
giving context to patterns appearing in sequences.
Next we will describe Temporal Kohonen Map in
more detail.

2.1 Temporal Kohonen Map

Tempora Kohonen Map (TKM) differs from the the
SOM only in its outputs. The outputs of the nor-
mal SOM are reset to zero after presenting each in-
put pattern and sel ecting the best matching unit with
the typical winner take all strategy or making oth-
er use of the unit output values, hence the map is
sensitive only to the last input pattern. In the TKM
the sharp outputs are replaced with leaky integrator
outputs which, once activated, gradually lose their
activity.

The modeling of the outputsin the TKM is close
to the behavior of natural neurons, which retain an
electrical potential on their membranes with decay.
Inthe TKM thisdecay ismodeled with the difference
equation:;

Vi(n) = dVi(n—1) = (1/2)[z(n) —wi(n)[|* , (5)

where 0 < d < 1 can be viewed as a time constant,
Vi(n) is the activation of the unit ¢ at step n, w;(n)
is the reference or the weight vector in the unit ¢ and
z(n) istheinput pattern. Now the best matching unit
b is the unit with maximum activity. Equation Eq. 5
has the following general solution:

n—1
Vi(n) = —(1/2) ) d*|lz(n — k) — wi(n — k)|
k=0

+d"V;(0) , (6)

where the involvement of the earlier inputsis explic-
it. Further analysis of Eq. 6 shows how the optimal
weight vectors in the vector quantization sense can
be solved explicitly when n is assumed to be suffi-
ciently large to render the last residua term corre-
sponding to initial activity insignificant. The analy-
sis, when w; is assumed constant, goes as follows:

n—1
k=0

Now, when w is optimal in the vector quantization
sense (EqQ. 4) the derivative in Eq. 7 is zero as this

minimizes the sum in Eq. 6. Hence substituting the
left hand side of Eq. 7 with 0 yields:

0=- idk(r(k’) —w),
k=0

= Zhmo A = k) ®
> k=0 d*

The result shows how the optimal weight vectorsin
the vector quantization sense arelinear combinations
of the input patterns. Since the TKM is trained with
the normal SOM training rule, it attempts to mini-
mize the normal vector quantization criterion in E-
g- 4, which is other than the criterion suggested by
Eqg. 8. As a consequence it appears that it may be
possible to properly train a TKM only for relatively
simple input spaces.

2.2 Modified TKM: RSOM

Some of the problems of the original TKM have a
convenient solution in simply moving the leaky inte-
grators from the unit outputs into the inputs. This
gives rise to the modified TKM called Recurren-
t Self-Organizing Map, RSOM.

Moving the leaky integratorsfrom the outputsinto
theinputsyields

yi(n) = (1 - )yi(n —1) +a(z(n) —wi(n)) , (9)

for the temporally lesked difference vector at each
map unit. Above0 < o < 1 isthe leaking coeffi-
cient analogousto d inthe TKM, y,(n) isthe leaked
difference vector while z(n) and w;(n) have their
previous meanings. Schematic picture of an RSOM
unitisshowninFig. 1.
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Figure 1: Schematic picture of an RSOM unit which
acts as arecurrent filter.

Large « correspondsto short memory while smal-
| values of o correspond to long memory and slow
decay of activation. In the extremes of « RSOM be-
haveslike anormal SOM (a = 1) whilein the other
extreme all units tend to the mean of the input data.

Eg. 9 can be written in afamiliar form by replac-
ing zi(n) = z(n) — w;(n), yieding:

yi(n) = (1 — a)yi(n — 1) + azj(n);  (10)

which describes an  exponentidly  weight-
ed linear IIR filter with the impulse response



h(k) = a(1 — a)*, k > 0. For further analysis of
the Eq. 10, seee.g. [12].

Since the feedback quantity in RSOM is a vector
instead of ascalar it also capturesthe direction of the
error which can be exploited in weight update when
training the map. The best matching unit b at step n
is now searched by

yo = mini{[|lyi(n)|} (11)

where i € V. Then the map is trained with a s
lightly modified Hebbian training rule givenin Eq. 2
where the difference vector, (z(n) — w;(n)) is re-
placed with y;. Thus the unit is moved toward the
linear combination of the sequence of input patterns
capturedin y;.

Repeating the mathematical analysis on RSOM
earlier donewith the TKM in Egs. 7 and 8 yields:

n) = aZ(l — )" (z(k) — w).

The square of the norm of y(n) is

n

ly@I* = a ) (1-a)"P(

k=1 (12)
Optimizing the vector quantization criterion givenin
genera form in Eq. 4 with respect to y yields the
following condition:

2
3\|y H 2 Zl O/(n k) (k)—w):(),

(13)
when w isoptimal. The optimal w can be analytical-
ly solved:

S (1= )" a(k)
Zzzl (1 —a)*

From Eg. 14 one immediately observes how the op-
timal w’s are linear combinations of the z’s. Note
how thisresult is essentialy identical with the result
in Eq. 8 so it might seem that the algorithms are es-
sentially the same. However since RSOM s trained
with the y’sit seeksto minimize the quantization cri-
terion suggested by Eq. 13 while the TKM seeks to
minimize the normal vector quantization criterionin
Eqg. 4. Nevertheless the resolution of RSOM is lim-
ited to the linear combinations of the input patterns
with different responses to the operator in the unit
inputs. If a more sophisticated memory is required
one has to resort to multilayer structures like those
presentedin [5].

(14)

3 Case Studies

Three different cases are presented to evaluate the
usability of RSOM in tempora sequence process-
ing. First case is a synthetic data which consist of

w(k)—w)" (z(k)~w).

random sequences of symbols with a limited alpha-
bet and additive noise. In second case RSOM s used
to cluster feature vectorsextracted from EEG to clas-
sify the signal as being either normal or containing
epileptic activity. In third case local models are used
with RSOM for time series prediction. Laser data
set whichis publicly availableis used and results are
compared with multilayer perceptron (MLP) and lin-
ear AR models.

3.1 Temporal Sequence Classification

Thisfirst synthetic case aims to underline the differ-
ences of the TKM and the RSOM. Both RSOM and
TKM were trained with five one-dimensional input
patterns, 1,6, 11, 16, 21, with additive approximate-
ly Gaussian noise.

The optimal weights for each « or d can be di-
rectly computed using either Eq.s 8 or 14 and the
distribution of the weights can be used to choose the
optimal o« when the goal is known. In this case we
seek to distinguish sequences of input patterns. A
good heuristic criterion for weights is then that the
weights are to be as evenly distributed across the en-
tire input space as possible. Using this heuristic cri-
terion wearrived at optimal o = 0.8 and accordingly
optimal d = 0.2.

Six different maps, three TKM:s and three R-
SOM:s, with 25 unitsand « € {0.7,0.8,0.9} were
trained to demonstrate the behavior of thetraining al-
gorithms against analytically solved optimal weights
for each «. The maps were trained for 2000 itera-
tions per unit to give the maps ample time to con-
verge. Such a map should, when properly trained,
be able to distinguish all 25 ordered pairs of input-
s shown to the map as a sequence of length two.
The resulting weights with the optimal weights are
shown in Figures 2, 3 and 4. The optimal weight-
s are marked with small circles “o”, the weights of
the RSOM are marked with plus signs “+” and the
corresponding weights of the TKM are marked with
small x:s* x

In the case of RSOM the units are updated explic-
itly toward the linear combinations of input patterns
thus the map seeks to learn the optimal weights.

However, with the TKM the situation is more
complicated. Basically the TKM has two mecha
nisms to retain contextual information. Consider the
example in this section. If the input activity moves
from 1 to 21, for a short period of time some unit
u;, closeto 1, remains the best matching unit and is
replaced by a unit, u;, near 21 when the activity of
u; is decayed below the raising activity of u;. As
a consequence u; with its neighbors are trained to-
ward 21 for a brief moment. The motivation behind
the TKM is to learn tempora context from the past
but instead of learning to distinguish where the ac-
tivity came from it seems to learn where the activity
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Figure 2. The weights with « = 0.9. Optimal
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Figure 3: The weights with « = 0.8. Optimal
weightswith“o”, RSOM weightswith“+” and TKM
weightswith “ x”. These weights are computed with
the optimal « according to our heuristic criterion.
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went.

The other mechanism in the TKM that preserves
contextual information is topological neighborhood,
which is inherent to all SOM algorithms. Consider
a situation of three separate regions of activity on a
straight line and amap of five units. Now as the map
istrained three of the units converge at the centroids
of the regions of activity while the remaining two are
left dangling in the zero probability regions separat-
ing the regions of activity. These dangling units may
then be capable of separating some sequences. This
is not, however, an explicit method of capturing past.

A distinctive feature in the trained TKM:s is the
concentration of the units near the edges of the in-
put manifold. Brief study of the properties of the
training rule showed how this phenomenais amost
inavoidable.

3.2 Clustering of EEG Patterns

The second case is related to EEG spectral feature
clustering for epileptic activity detection [15]. EEG
isanimportant clinical tool for diagnosing, monitor-
ing and managing neurological disorders related to
epilepsy. Since epileptiform activity can be noticed
in EEG as a clearly distinguishable transient wave-
forms, wavel ets have been used efficiently to extract
suitable features for epilepsy detection.

The sampling rate of the EEG data used in the
test was 200 Hz. For spectral feature extraction at
time ¢ a feature extraction window W? of 256 sam-
ples was collected from the original EEG sequence
Sepq asfolows: Wi(i) = Sgra(t — 127 + 1),
1=0,...,255. Thewavelet transform of a continu-
oussignal g(t) withawavelet ¥((¢t — b)/a) isgiven
as Cl, = [7 g(t)¥((t—b)/a) dt, wherea isthe
scaling and b is the dilation factor of the wavelet .
In our casetwo Daubechies' mother wavelets, Daub 4
and Daub; 5, were employed and the discrete wavel et
transform for each window W ¢ was done using Mal-
lat’s “with holes’ [10] algorithm. Finally, total of
sixteen energy features f* were determined for each
W* by computing the squared sum of both Daub 4
and Daub, > wavelet coefficients at each scale.

The extracted EEG featureswerefirst clustered by
four SOMsof 3 x 3,5 %x5,9x9and 17 x 17 unitsin
two dimensional lattice. The Luttrell’s method [9]
was used in training. The training data contained
total of 150987 16-dimensional feature vectors, a
mong which 5430 patterns correspond to epileptic
activity. After training each unit of the map was la-
beled according to the plurality rule to belong either
to “normal” or “epileptic” activity, and the SOM-
s were used as classifiers to evaluate the discrimi-
nation potentials of the feature clusters. Note that
for labeling the number of epileptic activity samples
mapped into each unit 7 was multiplied by the fac-
tor 145557,/5430 for equal weighting of both class-



es. Table 1. showsthe confusion matrices of the four
SOM classifiers; the diagona entries give the cor-
rectly classified samples. These results were com-
pared to the RSOMs of same sizes. The « parameter
was set to value 0.6, and in each learning cycle 5
paSt feature values ftc_64, ftc_48, ftc_32, ftc_16,
and fte were shown to the map with randomly se-
lected time ¢t.. The RSOM maps were taught with
the Luttrell’s approach [9]. When the labeled R-
SOMs were employed to classify training samples,
the results were better than those of hormal SOMs
with the same number of units (see Table 1.). These
clustering results suggest that the use of the context
in the EEG based epileptic activity detection might
improve the analysing/classification results, and the
RSOM may be a valuabletool for the purpose.

Table 1: SOM and RSOM confusion matrices ob-
tained in the clustering of EEG spectral features (see
text for details)

# of units SOM RSOM
3x3 126966 | 18591 129269 [ 16224
405 | 5025 321 | 5109
5 x5 | 131794 | 13763 || 133389 | 12104 |
[ 443 | 4987 || 380 | 5050 |
9x9 [ 133820 | 11737 [ 134660 | 10833 |
[ 394 5086 |[ 317 | 5113 |
17 x 17 | 134465 | 11092 || 135935 | 9558 |
[ 338 | 5092 || 284 | 5146 |

3.3 TimeSeriesPrediction

Third case is time series prediction with RSOM and
local linear models. Laser time series [18] (Fig 5.)
consists of measurements of the intensity of an in-
frared laser in a chaotic state. The datais available
from an anonymousftp server *. From the beginning
of the series first 2000 samples were used for train-
ing, and the rest 1000 samples were used for testing.
Both series were scaled between [-1,1]. The predic-
tion task was one-step prediction.

Learning algorithm of RSOM for time series pre-
diction is implemented as follows. The map is pre-
sented an episode of consecutive input vectors start-
ing from arandom point in the data. The number of
vectors bel onging to the episode is dependent on the
leaking coefficient « used in the units. At the end
of the episode, the impulse response h(k) of the re-
current filter (see Fig. 1) is below 5 % of the initial
value. The best matching unit is selected at the end
of the episode based on the norm of the difference
vector. The updating of the vector and its neighbors
is carried out asin Eq. 2. After the updating, all d-
ifference vectors are set to zero, and a new random

Lftp://ftp.cs.colorado.edu/pub/ Time-Series/SantaFe/  contain-

ing files A.dat (first 1000 samples) and A.cont (as a continuation
to A.dat 10000 samples)
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Figure 5: Laser time series.

starting point from the series is selected. The above
scenario is repeated until the mapping has formed.
Training set is then divided into local data sets ac-
cording to the best matching unit on the map, and as-
sociated local models are estimated using these data
sets. In prediction the best matching unit of RSOM
is searched for each input vector. A local model that
is associated with the best matching unit is then se-
lected to be used in the prediction task at that time.

Test Data

Select Local Model
Local Model Prediction

Figure 6: Construction of the local models.

Training Data

RSOM Training
Local Data Set Building
Local Model Estimation

RSOM vectors |......
A

Local Models

Figure 6. shows the procedure for building the
RSOM models and evaluating their prediction abil-
ities with testing data [8]. Time seriesis divided to
training and testing data. |nput vectorsto RSOM are
formed by windowing the time series. Free param-
eters during training for RSOM include input vector
length p, time step between consecutive input vec-
tors s, number of units n,, and the leaking coeffi-
cient o of the units in the map giving rise to mod-
el RSOM(p, s,n,,«). Parameters were varied as
n, € {5,9,13}, s € {1,3,5} ,p € {3,5,7} and
a € {1.0,0.95,0.78,0.73,0.625,0.45,0.40,0.35}



corresponding to episode lengths 1 ... 8. Local lin-
ear regression models were estimated using the least
sgquaresalgorithmin MATLAB 5 statistics toolbox us-
ing the local data sets generated with RSOM.

For model selection purposes 4-fold cross
validation [4] was used. The best model according
to cross-validation is trained again with the whole
training data. This model is then used to predict the
test data set that has not been presented to the model
before. The same cross-validation scheme was used
also for MLP and AR models.

The MLP network was trained with Levenberg-
Marquardt learning algorithm implemented with
MATLAB 5 neural networkstoolbox. An MLP(p,s,q)
network with one hidden layer, p inputsand ¢ hidden
units was used. Variation of parametersp and s were
chosen to be the same as in RSOM models, while ¢
wasvariedasq € {3,5,7,9}.

AR(p) models with p inputs were estimated with
MATLAB 5 using theleast-squaresalgorithm. Theor-
der of the AR model wasvariedasp € {1,...,50}.
Results of the AR model serve as an example of the
accuracy of aglobal linear model in the current tasks.

The sum-squared errors gained for one-step pre-
diction task are shown in Table 2. The laser se-
ries is highly nonlinear and thus the errors gained
with AR(12) model are considerably higher than for
other models. The series is also stationary and
almost noiseless, which explains the accuracy of
the MLP(9,1,7) model predictions. In this case
RSOM(3,3,13,0.73) gives results that are better than
with AR model but worse than with MLP model.

Table 2: One-step Prediction Errors for Laser Time
Series.

[ [[ CV Error [ TestError |
RSOM(3,3,13,0.73) || 14.6995 7.3894
MLP(9,1,7) 49574 0.9997
AR(12) 69.8093 29.8226

4 Conclusions

Recurrent Self-Organizing Map architecture and
learning algorithm has been presented. Studied cases
show the potentials of RSOM in temporal sequence
processing. Results with synthetic data show that R-
SOM learns a correct mapping which agrees with
vector quantization criterion. In EEG case feature
vectors were clustered with SOM and RSOM. Tem-
poral context captured by RSOM provided better re-
sults when a simple prularity rule was used for clas-
sification. Results in prediction case are not the best
possible with RSOM, since the search space of the
free parameters of the model was quite small.

An important property of RSOM s its visualiza-
tion ability. RSOM can be used as a visualization
tool since it has built-in property of SOM to con-
struct topological maps from data. For instance, in
the case of time series prediction a two-dimensional
map could be used to visualize state changes of the
process using the location of the best matching unit
in the map as function of time.

Unsupervised learning of the temporal context is
another attractive property of RSOM. It allowsbuild-
ing models using large amount of data with only a
little a priori knowledge, e.g. in classification there
is no need for prelabeled cases. This property aso
allowsusing RSOM as an explorativetool to find sta-
tistical temporal dependencies from the process un-
der consideration.

In this paper we presented RSOM that has the
same feedback structure in al units. It is possible,
however, to alow the units of RSOM to have dif-
ferent recurrent structures. This kind of architecture
could yield topological maps of different temporal
contextsin the data. It is our intention to study such
extensions of RSOM in the near future.
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