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Motivation

PRC-NPTNs advantages:

e No apriori knowledge of nuisance transformations
IS required.

e No change In architecture required. The exact
same network can adapt to different
transformations.

e Can be invariant towards combinations of
transformations. A rich set of invariances can be
iInvoked explicitly through the architecture.

To be invariant to nuisance transformations in data,
we would require

- Knowledge of the added transformations apriori

- A different network architecture, invariant for
each nuisance transformation (inductive bias)

Loose Biological Motivation:
e Cortex lacks precise local pathways for backprop
e Unstructured local connections are common

Do permanent random connections actually improve generalization in deep networks?

Permanent Random Connectome Networks
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Top left: Invariances can invoked for individual transformations by pooling over Trarsformation Networke
each. Top right: Invariances to multiple transformations through permanent \

random support pooling. Bottom left: Permanent random support when Parametricllnvariances \
vectorized leads to permanent random channel pooling. Bottom right: Most ConvNets
architectures offer only parametric invariance
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ConvNets, G-CNN, FRPC,
| 3 o s Left bottom: Transformation Networks were introduced as a general framework for
IR= —— ¥ modelling feedforward convolutional networks.
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Random Pooling across features Ramdom Pooling across channels T e pooling units randomly (initialized once, fixed during training and testing). Therefore,
PRC-NPTN each channel pooling unit pools over a fixed random support.
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