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Intuition

The visual system of a layperson is a very good generalist that can
accurately discriminate coarse categories but lacks the specialist eye to
differentiate cateqgories that look alike
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Contribution

End-to-end learning of separate visual features for the different classes to
distinguish.
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 The architecture of BranchConnect for classification of C classes. The
branches implement M < C feature extractors. Class-specific gates
connect the M branches to the C classes in the last fully-connected
layer.

 The learned gates determines for each class the subset of features
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Technical Approach
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Goal.

optimizing training objective
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 During training, we update auxiliary
real-valued gates  g” ¢ [0, 1]M

1 Constrain the number of active branch connections
per class to be a constant, K (a hyperparameter)

Forward propagation:

1. Stochastically binarize g% € [0,1]"
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2. Perform forward pass using binary gates gt < {0, 1}M
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Parameter update:
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: the ¢t neuron in the last fully connected layer

CIFAR-10

(10 classes, 50K training examples)

Train Loss

Number of extra layers

ImageNet

(1000 classes, 1.28M training examples)
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BranchConnect acts as regularizer
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