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Abstract

We present a Connectionist architecture called Modified Hyperspherical
Classifier (MHC) based on: 1) the work of Cooper [5](6] and Batchelor
[21031[4] about Hyperspherical Classifiers, 2) the RCE paradigm as described
by Scofield et al. [10] and 3) some new considerations derived from the search
of an efficient model to perform heterogeneous pattern procéssing using
supervised and/or unsupervised training algorithms depending on the nature of
the problem, the availability of the correct output during the training
process and the operational state of the network. We use the term Hybrid
Training to define the use of a supervised or an unsupervised strategy to
train the same network; this definition differs from the presented by Hertz et
al. [7] as Hybrid Learning, which refers to layered networks with different

learning strategies for each layer (e.g. Counterpropagation).

Conclusions about the performance of the architecture are presented, based on
the execution of tests using tasks related with Familiarity detection,
Principal component analysis, Clustering, Prototypring, Feature mapping and

Pattern transformation.
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HC, RCE and MDC

Like_the nearest-neighbor cilassifier, the HC is based upon the storage of
patterns that represent points in a space. The association of an unknown
pattern with a known category is made by the distance'function (Cartesian,
Hamming, etc.). The main difference with the nearest-neighbor model is that
each point has a region of influence that is defined by a sphere with the
pattern’s location point as the center. Each stored pattern with its region of
influence defines a decision region associated with the category or class of

the stored point.

RCE networks can be viewed as special cases of HC in that the stored patterns
are stationary in the space and the regions of influence can only shrink and
can not expand, this approach is also known as DSND (Disjoint Spheres/ No
Drift) because the training process try to disjoint the spheres of different
categories to avoid confusion in the classification but the stored point, the

center of each sphere, remains stationary.

The MDC model uses the N-dimensional feature space as RCE and HC, but its
functionality is based on the definition of at léast'one prototypical point
for each category to be considered, this definition is made in the
initialization stage. The classification is performed based on a distance
metric between the prototypes and the pattern being processed. details of MDC

can be found in [10],[12] and [13].
Modified Hyperspherical Classifier

The proposed architecture (MHC) has the following properties:
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High storage density based on the N-dimensional feature space model.
The stored points (hidden layer units) act like discriminat functions.

The connections between the input and hidden layer are weighted. The

weights represent the relative importance of each feature (input unit)

- to classification . This importance can be set "a priori” or by an

analysis (e.g. covariance) of the input patterns.

The hidden units contain the location of the stored points associated

and the size of the region of influence (radius of the sphere).

The connections between the hidden layer and the output layer are
weighted. the weights are the result of a probabilistic density function
applied to the region of influence of the unit. If an unit H1l shares
part of the space with an unit H2 of another category, the weight of the
connections of Hl and H2 with the corresponding output units will be <1
and will depend on the probability that a point in the shared region
belongs to Hl's or H2"s category. The density function can be easily
implemented as a count of the correct classifications performed over

patterns that "fires" both neurons H1 and H2.

The spheres can shrink and expand during the training process to form
the category areas in the feature space. Several spheres can be

summarized into one or an sphere can be moved to a different location.

All the adjustments concerning the classification of the pattern being
processed are made before processing the next pattern. The  convergence

of the net is always reached in just 2 epochs.
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8. The initial radius of the spheres are not initially set to a fixed
default value, but to the maximum value that cen be assigned without

include a point of a different category;

Figure 1. illustrates a MHC netwerk

- Figure 1.

Each input unit corresponds to a feature and each output unit corresponds to a

pattern category. The hidden units are the stored points (spheres).

The key characteristics of MHC are: Feedforward, High storage density, Reduced
connectivity, Partially distributed, Dynamic category learning and hybrid

training.
Operation and Training of the HMiHC

When a pattern is presented to the network the activation of the hidden units

will be given by:
Hy = G( (SWyg*(X4-P3)2 )1/2 )= T)

G(x) = 0if x>0
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1if x <=0
where:
Hj is the activation of the jth hidden layer
' X3 is the ith feature of the inpu? pattern

Py is the ith component of the stored point

A Wiy is the connection between the ith input unit and the Jth

hidden unit

T is the threshold or radius of the sphere (the region of

influence)
The activation of the output units will be given by:
. 0j = Hi * Py
where:

PiJ is the weight of the connection between the hidden unit and
the ' associated outﬁut unit. Corresponding to  the

probabilistic density function.

The function G(x) associates each hidden unit with a region in the feature
space. The location of the région is stored in the hidden unit and the size of
the region is determined by the threshold also store& in the hidden unit. Any
input pattern falling within the region of. influence of a given unit will
cause the unit to transfer output to the corresponding output unit. A pattern

will cause the firing of all the units that share the region where the pattern
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is located, if the hidden units project theirs output to more ﬁhan one 'output
unit (categories) the result will be an "ambiguous" classification; if only
one output unit fires the answer of the network will be "known", the other

possible output is "unknown", this results when no output unit fires.

The training process of MHC networks involves the execution of several
actions: a) Creation of hidden units (spheres) and/or output units
(categories). b) Adjustment of the spheres, traduced in shrinking, expansion,
movement or jointing and c) Adjustment of the hidden to output connections

using a probabilistic density function.

The conditions to perform the above actions are different in each training
strategy. The control over their execution resides in a preprocessing module
that determines if the pattern is prepared (or intended) for unsupervised or

supervised training.

Hybrid training is necessary since there are problems where the solution is
poorly known or just a subset of the possible categories are needed; in this
cagse the network can be trained in a supervised way using the patterns which
solution is known or. just with patterns representing the desired categories.
This process initializes the network and then a unsupervised training can take
place until the entire feature space is covered. If the solution of a problem
is totally unknown (e.g. éxploratory data analysis) the network can be trained
in an unsupervised way, using all the patterns available. The network will
form clusters that can bé analyzed for the.experts in the domain and the
categories can be defined to proceed with supervised training over the same

network or a new one.
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In the supervised strategy, if the output of the network is “unknowm", a new
hidden unit is created using the location of the current pattern and this unit
is associated to the output unit of the correct category, if the category is
not in the network (there is no output unit for this category) a new output
unit is created, this process is known as dynamic category learning. the
welight of the connectioxi between the hidden unit and the output unit will be 1
and the size of the region of influence (threshold) will be the maximum value
that does not include a poim;, of another category. In an ‘“ambiguous"”
situation, the spheres that are 'not asgociated to the correct category are
shrunk so that they no longer cover the current pattern. If that size of the
spheres reached the minimﬁm vaiue and remains the overlapping with spheres of
another category, the probalsilist'ic density functj.on is used to adjust the

connections between the overlapping units and the associated output units.

In the unsupervised strategy, if the output of the fxetwork is "unknowm" a new
category is created (hidden unit and output unit) using the same procedure
described above, the category identifier is generated by the network. If more
that one output unit fires, the categories involved are ranked according to
the computed degree of belonging (as in MDC). The initial size of the spheres
in the unsﬁpervised strategy is settled to a default maximum value given by
the user, obviously the maximum possible size can not be used as in the

" supervised strategy.
Results and Conclusions

1. The MHC adapt to a wide range of dpplications, since there”s no
restriction derived from the size of the problem (storage requirement)

or nature (unsupervised or supervised).
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2. The convergence time is reduced to 2 epochs, no matter what training

strategy is used.

3. The design of the network is simplified, due to the evolving nature of

the model. The network designs itself. ’
4. The HMC is able to learn to separate very complex decision surface.

5. The hardware implementation of HMC is easy, compared to parametric

feedforward networks (e.g., backpropagation).
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