Assigning Uniqueness to Generative Features for Discrimination
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The traditional approach to building a brain-inspired neural network based classification system
proceeds in two stages. First, the features are learned from sensory data in an unsupervised manner
often using a multilayered generative model. The discriminative weights are then learned between the
top feature layer and a classification layer in a supervised manner. The classification layer consists of n
neurons, each representing a class, which is a highly inefficient representation.
It is more efficient to use a sparse representation whereby a small set of m (m<<n) neurons
represents each class. Theoretically, n-choose-m classes can then be represented using the n neurons.
This is consistent with the hypothesis that the brain uses a sparse representation (Olshausen & Field,
1996). We observe that, while all features learned from the data are necessary for reconstructing
different stimuli, only a small subset of features are necessary and sufficient for discriminating a
stimulus from those belonging to other classes. That is, if these discriminative or salient features are
observed in a stimulus, it can be classified as correctly as when all features are observed. We show how
an expected degree of uniqueness or discriminative capability may be assigned to each feature as they
are learned in a generative model such that classification may be achieved using a sparse
representation. We present a model where the expected uniqueness of a feature is captured by the
adaptive threshold of the neuron encoding it. When a stimulus is presented, a neuron is less likely to fire
if it encodes a less discriminative feature and vice versa. The firing pattern of the population of neurons
encodes the class using a sparse representation.
This model is consistent with recent findings in neuroscience that individual neurons respond to
a class of surprise in the stimuli (see for example, Gill et al., 2008; Meyer & Olson, 2011). A surprise is
evoked when an unexpected feature occurs in the stimulus. More discriminative features occur less
often, are less expected, and therefore evoke greater surprise. Thus, firing pattern of the population of
neurons in our model is in response to surprises in the stimuli.
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