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adapt both prototypes according ta (1) and (2) respectively,

adapt each A = 0 using (4),

Set Agi=0 If 0« A< EPS,
normalize A

untif classification crror acceptable

repeat ‘pruning’:
apply pruning scheme,
redo training

until classification error degrades significantly.

TlLusTaTion

(1) analysis
(2) modeling -
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LORENZ TIME SERIES ——
generalized relevance learning vector quantization B
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CLusTerInG Task ALGORITHM Taking into consideration the overall significance of components for one-
Tl Sat step prediction, we formulate an alternative to the delay embedding
initialize prototypes (W1} € x 41..... strategy: input weighting obtained from a recent newra/algorithm is used
Mapping of vectors «f to their classes 4 inftiatize Ay = ... = An = 1/n to construct vectors with the time series components of most important
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Prototype vectors represent the association of input vectors with its class. iz BRIl eximaﬂ ) . We apply an adaptation of Kohoner's vector quantization scheme (LVQ)
prototypes: W — (17, o) ¢ K" x {1, ¢}y — 1 o) compute Wi and W2 using metric (3), d(W3,x/.), %5 ol = g,

with built-in detection of significant input vector components, the
generalized relevance learning vector quantization (GRLVQ), in
order to achieve a relevance based embedding of scalar time series.

Using the neural classification method on time series data we obtain:
- temporal properties of a window on the past,
short-term and long-term prediction.

We use artificial data from a chaotic Lorenz System and real-life runoff
data of a long-term time series from a large lysimeter.
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—l;Q)NCLUSIONS
AnaLysis MapeLing

No a-priori modeling assumptions > very simple models, but

() Clustering always produces discrete output, thus requiring a-posteriori smoothing

(b) Training on global data sets disregards instationarities
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