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Abstract

We present a method for the unsupervised segmentation of data streams origi-
nating from different unknown sources which alternate in time. We use an archi-
tecture consisting of competing neural networks. Memory is included in order to
resolve ambiguities of input-output relations. In order to obtain maximal special-
ization, the competition is adiabatically increased during training. Our method
achieves almost perfect identification and segmentation in the case of switching
chaotic dynamics where input manifolds overlap and input-output relations are
ambiguous. Only a small dataset is needed for the training proceedure. Applica-
tions to time series from complex systems demonstrate the potential relevance of
our approach for time series analysis and short-term prediction.
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1 Introduction

Neural networks provide frameworks for the representation of relations present in data.
Especially in the fields of classification and time series prediction, neural networks
have made substantial contributions. An important prerequisite for the successful
application of such systems, however, is a certain uniformity of the data.

In most analysis of data series, stationarity must be assumed, i.e. it must be as-
sumed that the relations remain constant over time. If, on the contrary, the data
originate from different sources, e.g. because the underlying system switches its dy-
namics, standard approaches like simple multi-layer perceptrons are likely to fail to
represent the underlying input-output relations. Such time series can originate from
many kinds of systems in physics, biology and engineering. Phenomena of this kind
include e.g. speech (Rabiner 1988), brain data (Pawelzik 1994), and dynamical systems
which switch their attractors (Kaneko 1989).

In this paper we present a method for the segmentation of such data streams without
prior knowledge about the sources. We consider the case where the different input-
output samples (z(),y(t)) are generated by a number n of unknown functions fy;,! =
1,...,n which alternate according to (1), i.e. y(t) = fyy(«(t)). The task then is to
determine both, the functions f; together with their respective attributions [(¢) from a
given time series {(z(1),y(t))}}Y,. Since both the functions and the segmentation are
considered to be unknown, they have to be determined simultaneously, i.e. the correct
segmentation has to be found in an unsupervised manner.

The mixtures of experts architecture, as proposed by Jacobs et al. (1991), poten-

tially offers a solution to this problem, since it can represent different functions by the



respective experts. There are, however, problems when applying the mixture of experts
architecture to the task of identifying alternating sources.

One problem arises, when the gating of the experts is based on the input alone, be-
cause in general the underlying sources will have overlapping input domains. In order
to solve this problem, we here use an ensemble of expert-networks whose competition
depends only on their relative performance and not on the input. This way of intro-
ducing the competition relates to clustering and vector quantization (McLachlan and
Basford 1988) and is in contrast to the mixtures of experts architecture that uses an
input-dependent gating-network (Jacobs et al. 1991).

When the sources have overlapping arguments, a further problem arises: the func-
tions may intersect. In this case, there are input-output pairs which are identical for
different functions ¢ # j, i.e. there are (z,y) for which y = fi(z) = f;(z). As we will
show, such intersections induce additional ambiguities, a further problem, which can
only be resolved by imposing additional constraints. We present a learning rule per-
forming this disambiguation, which is derived from a simple assumption about memory
in the switching process: a low switching rate. This assumption allows one to train the
system of experts on very small data sets and does not require any statistics of switch-
ing events. In particular the method can identify switchings in a time series from only
a number of data which just suffices to characterize the two respective functions.

Our approach does not provide an analysis of the dynamics of the switching itself,
which has been adressed in (Cacciatore and Nowlan 1994) and (Bengio and Frasconi
1994) and we discuss the relation of these approaches to our work in section 5.

For unique segmentation, each sample (z(t),y(¢)) must be assigned to only one

expert. This can most easily be achieved by considering only the respective best per-



forming expert. However, when using such hard competition during training, it is likely
to get stuck in local minima, which in simple cases can be overcome by using sample
dependent ad hoc initializations (Kohlmorgen et al. 1994, Miiller et al. 1994, Miiller et
al. 1995). As a more general approach, we here propose to anneal the competition of
the networks adiabatically during training (see also Yuille et al., 1994). We will show
that with this method the networks successively specialize in a hierarchical manner
via a series of phase transitions, an effect which has been analysed in the context of
clustering by Rose et al. (1990).

In section 2, we introduce our approach and in section 3 we demonstrate the fea-
tures of our method with an example of alternating functions over the unit interval
which intersect. In that example, the input-output samples are given by the dynamics
of chaotic maps and the experts correspond to predictors. This relates our method to
common techniques in system identification (Shamma and Athans, 1992), and time se-
ries prediction (Tong and Lim, 1980). In section 4, we apply our method to benchmark
data from the Santa Fe Time Series Prediction Competition (Weigend and Gershenfeld
1994), an application which demonstrates that our approach may substantially improve
predictions of time series and opens new perspectives for signal classification, which we

finally discuss in section 5.

2 Unmixing of Experts

Data originating from different sources are subject to ambiguity. If input-output re-
lations are considered, this can have at least two interdependent reasons. First, the
input domains may overlap. However, it is impossible for a single network to map the

same inputs to different outputs without using extra information. Second, input and



output of different sources can be identical for a subset of the data. In this latter case,
information beyond the input-output pairs is required in order to reassign the data to
the sources.

For illustrating the basic ideas underlying our approach we discuss the extreme
case of completely overlapping input manifolds. An example is given by input-output
pairs (z¢,y:) = (a4, filzy)),t = 1,...,T, that at each time step ¢ are a choice [ =
[(t),l =1,2,3,4 of one of the four maps fi(z) = 4z(1 — &),z € [0,1] (“logistic map”),
folz) ={2z if ¢ €0,.5) and 2(1—=x), if @ € [.5, 1]} (“tent map”), f3 = frof1 (“double
logistic map”) or fy = fyo fo (“double tent map”). fo f denotes the iteration f(f(z)).
If we set z¢41 = yi, we get a chaotic time series {z;} with z;41 = fi(z), see Fig.1.
When these maps are alternately used, a given input z; alone does not determine the
appropriate output y;, and a representation of the underlying relations therefore must
necessarily contain a division into subtasks. For such data sets, a gating network that
depends only on the input (Jacobs et al. 1991) must necessarily fail.

In our approach, we therefore adapt a set of predictors f;,i = 1,...,n, weighted
only by their relative performance. The optimal choice of function approximators f;
depends on the specific application. Throughout this paper we are using radial basis
function networks (RBFN’s) of the Moody-Darken type (Moody and Darken 1989),
because they offer a fast learning method. We train the weights w; of network 7 by

performing a gradient descent
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