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ABSTRACT

In this thesis, we explore different methods of improving the utilization of
a convolutional neural network’s learning capacity. We define what we mean
by the learning capacity of a neural network, since no standard definition of
learning capacity exists in the literature hitherto. Based on our definition of
learning capacity, we formuate two scenarios in which the learning capacity
of a CNN can get significantly affected, (i) Intra-network learning and (ii)
Inter-network learning. In both cases, we explore in-depth as to what is
the cause behind the lack of utilization of learning capacities. Then, we
formulate targeted solutions to solve for each of the discovered lacunae. For
example in our explorations with intra-network learning, we discover that in
non-BatchNormalized networks, some filters or even some layers completely
goes to zero during training, a phenomena which we call zeroing out. This
leads to a drop in the utilization of the network’s trainable parameters and
hence an under-utilization of learning capacities. We address this phenomena
by proposing PowerGrad Transform that modifies the gradient before
the backward pass and with that we mitigate the zeroing out phenomena
and improve final accuracies of non-BatchNormalized convolutional neural
networks. We also apply PowerGrad Transform to BatchNormalized networks.
We observe that PowerGrad transform can help the network learn parameter
that are outside of the scope of standard gradient descent. Even with high
loss values, networks can achieve higher final convergence accuracies in both

training and test datasets. This leads us to believe that transforming the



gradient through PowerGrad transform leads the network to better utilize its

learning capacity.

In our explorations of inter-network learning, we see that when two or
more models are trained from random initialization, often the final converged
weights have significant overlaps leading to a lower utilization of pool learning
capacity. Ensembles of such networks do not improve the performance (or
marginally improves) the performance over any one single network in the
same pool. This points to the observation that the total learning capacity
of the pool as a whole is severly under-utilized. In order to remedy this, we
propose adversarial training through Feature Difference Losses, a method
in which all feature vectors are shared amongst worker networks in a pool, and
each worker adversarially pushes each other to learn different feature maps,
leading to a forced outcome where at convergence each network arrives at
vastly different optima on the loss landscape. This in turn improves ensemble
performance as it leads to a diversity in the networks’ features, which directly

translates to an increased utilization of the pool’s learning capacity.
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