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In recent years, algorithms such as independent components analysis (ICA) [1] and sparse coding (SC) [2]
have been used to describe the statistics of the natural environment, and the components extracted by these
methods have been linked to sensory neuronal response properties. Stated in the language of probabilis-
tic generative models (see e.g. [3]), ICA and SC describe sensory data as a linear superposition of learnt
components. For many types of data, including images, this assumed linear cooperation between genera-
tive causes is unrealistic. Alternative, more competitive, generative models have also been proposed: in [4]
hidden causes are combined by noisy-or, and in [5] a still more competitive scheme is described. Here, we
formulate an extreme case of competition, in which the strongest generative input to an observed node alone
determines its value. Thus, where ICA and SC use a sum, we use amax. Such a rule has the property of
selecting, for each observed node, a single generative cause to determine that node’s value. In the case of
image data, combination by occlusion shares this selective property.

Whilst exact maximum-likelihood learning of the parameters of such a model is intractable, we show that ef-
ficient approximations to expectation-maximisation (EM) can be found in the case of sparsely active hidden
sources. One of these approximations is shown to be equivalent to a neural network model with a gener-
alised soft-max activation function, and a simple Hebbian∆-rule with divisive weight normalisation. Thus,
we show that learning in winner-take-all (WTA) type networks, e.g. [6-9], may be interpreted as approxi-
mate maximisation of a data likelihood. In the limit of very sparse input, we recover the classical soft-max
function, which is commonly used for clustering. This observation may help to explain how such WTA
networks can successfully resolve components as well as determine clusters in data where appropriate [6-9].

Using the benchmark “bars test” [10], we numerically verify the accuracy of the approximate update rules
and the corresponding neural network. These experiments show that the generative approach is competitive
with results obtained by other methods.
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