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Abatract 

We preaent a Connectioniat architecture called Modified Hyperspherical 

Clasaifier (MHC) baaed on: 1) the work of Cooper [5][6] and Batchelor 

[2)[3][4] about Hyperspherical Claaaifiera, 2) the RCE paradigm as deacribed 

by Scofield et al. [10] and 3) aome new conaiderations derived from the aearch 

of an efficient model to perform heterogeneoua pattern procesaing using 

aupervised and/or unsuperviaed training algorithms depending on the nature of 

the problem, the availability of the correct output during the training 

procesa and the operational atate of the network. We use the term Hybrid 

Training to define the use of a auperviaed or an unsuperviaed atrategy to 

train the aame network; this definition differs from the presented by Hertz et 

al. [7] as Hybrid Learning, which refers to layered networks with different 

learning atrategiea for each !ayer (e.g. Counterpropagation). 

Conclusiona about the performance of the architecture are presented, baaed on 

the execution of testa using taska related with Familiarity detection, 

Principal component analyais, Cluatering, Prototyping, Feature mapping and 

Pattern transformation. 

~rds: Connectionist Architectures, Claaaifiera, Neural Nettmrka. 
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Like the neareat-neighbor caaaaifier, the HC ia baaed upon the atorsge of 

patterna that repreaent pointa in a apace. The aaaociation of an unknown 

pattern with a known category ia made by the diatance function (Carteaian, 

Ha!Dllling, etc.). The main difference with the neareat-neighbor model ia that 

each point has a region of influence that ia defined by a aphere with the 

pattern's location point aa the center. Each atored pattern with ita region of 

influence defines a decision region aaaociated with the category or claaa of 

the stored point. 

RCK networka can be viewed as special cases of HC in that the stored patterna 

are stationary in the apace and the regiona of influence can only ahrink and 

can not expand, thia approach ia also known as DSND (Diajoint Spherea/ No 

Drift) because the training procesa try to disjoint the apherea of different 

categoriea to avoid confuaion in the claaaification but the atored point, the 

center of each aphere, remaina atationary. 

The tiDC model uses the N-dimensional feature apace aa RCE and HC, but ita 

functionality ia based on the definitioii. of at leaat one prototypical point 

for each category to be conaidered, thia definition ia made in the 

initialization stage. The classification ia performed baaed on a diatance 

metric between the prototypes and the pattern being proceaaed. detaila of MDC 

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

The propoaed architecture (MHC) haa the following propertiea: 
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1. High storage density baaed on th~ N-dimensional feature apace model. 

2. The atored points (hidden layer unita) act like diacriminat functions. 

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

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

· to claasification . This importance can be set "a priori" or by an 

analyais (e.g. covariance) of the in~tt patterna. 

4. The hidden unita contain the location of the stored pointa associated 

and the aize of the region of influence (radiua· of the sphere). 

5. The connections between the hidden !ayer and the output !ayer are 

weighted. the weights are the reault of a probabilistic denaity function 

applied to the region of influence of the unit. If an unit Hl sharea 

part of the apace with an unit H2 of another category, the weight of the 

connections of Hl and H2 with the correaponding. output unita will be <1 

and will depend on the probabili ty that a point in the ahared region 

belongs to Hl 'a or HZ' s category. The densi ty function can be easily 

implemented aa a count of the correct claasifications performed over 

patterna that "fires" both neurona Hl and H2. 

6. The apherea can ahrink and expand during the training procesa to form 

the category areaa in the feature apace. Severa! spherea can be 

aummarized into one or an aphere can be moved to a different location. 

7. All the adjustments concerning the claaaification of the pattern being 

processed are made before processing the next pattern. The convergence 

of the net is always reached in juat 2 epochs. 
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8. The initial radiue of· the spheres are not initially eet to a fixed 

defaul t value, but to the maximum value that can be aesigned wi thout 

include a point "of a different category. 

Figure 1. illustratee a MHC netw~rk 

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

pattern category. The hidden unita 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. 

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

will be given by: 

G(x) = Oifx>·o 
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1 if X <= 0 

where: 

Hj ia the áctivation of the jth hidden layer 

Xi ia the ith feature of the input pattern 

Pi is the ith component of the etored point 

· Wij ia the connection between the ith input unit s.nd the jth 

hidden unit 

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

influence) 

The activation of the out~lt units will be given by: 

where: 

Pij. is-the weight of tñe corinection between the hidden unit and 

the associated output unit. Corresponding to the 

probabilistic denaity function. 

The function G(x) asaociates each hidden unit. with a region in the fee.ture 

space. The location of the region is stored in the hidden unit and the aize of 

the region is determined by the threshold alao stored in the hidden unit. Any 

input pattern falling within the region of infiuence 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 ltnits project theirs output to more than one output 

ltni t ( categoriea) the reaul t will be an "ambiguous" classification; if only 

one output unit firea the answer of the network will be "known" , the other 

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

The training procesa of MHC networks involves the execution of severa! 

actiona: a) Creation of hidden units (spheres) and/or output units 

(categories). b) Aójustment of the spherea, traduced in shrinking, expansion, 

movement or jointing and e) 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 preprocesaing module 

that determines if the pattern is prepared (or intended) for unsuperviaed or 

superviaed training. 

Hybrid training ia necesaary since there are problema where the aolution ia 

poorly known or just a subset of the posaible categoriea are needed; in thia 

case the network can be trained in a aupervised way using the patterns which 

solution is knmm or. just wi th patterns repreaenting the desired categoriea. 

Thia procesa initializes the network and then a unsupervised training can take 

place until the entire feature space ia covered. If the aolution of a problem 

is totally unknown (e.g. exploratory data analyaia) the network can be trained 

in an \tnsupervised way, using all the patterns available. The network will 

form clustera that cen be analyzed for the . experta in the domain and the 

categories can be defined to proceed with auperviaed training over the same 

network or a new one. 
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In the supervisad strategy, if the output of the network is "unknown", a new 

hidden unit is created using the location of the current patterri 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 procesa is known as dynamic category learning. the 

weight of the connection 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 point of another category. In an "811lbiguous" 

situation, the spherea that are not associated to the correct category are 

shrunk so that they no longer cover the current pattern. If that size of the 

spheres reached the minimum value and remaihs the overlapping with spheres of 

another category, the probabilistic density function is used to adjust the 

connections between the overlapping units and the associated output units. 

In the unsupervised strategy, if the output of the network is "unknown" a new 

category is created (hidden unit and output unit) using the S811le 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 unsupervised strategy is settled to a default maximum value given by 

"!;he user, obviously the maximum possible size can not be used as in the 

supervised atrategy. 

Resulta and Conclusions 

l. The MHC adapt to a wide range of ápplications, since there 's no 

restriction deri ved from the size of the problem ( storage requirement) 

or nature (unsupervised or supervisad). 
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2. The convergence time ia reduced to 2 epecha, no matter what training 

atrategy ia uaed. 

3. The deaign of the network ia aimplified, due to the evolving nature of 

the model. The network designa itaelf. 

4. The HMC ia able to learn to separate very complex deciaion aurface. 

5. The hardware implem.entation of HMC ia eaey, compared to param.etric 

feedforward networka (e.g., backpropagation). 

Thanka to m.y colleague Mauricio Paletta who wrote moat of the C++ code for RCE 

and alao the base code for MDC. 
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