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ABSTRACT

KEYWORDS: Deep Learning; Riemannian Geometry; Curvature; Information

Geometry; Information Bottleneck; Natural Gradient Descent;

Deep neural networks are currently the best-performing algorithms for a variety of pattern recog-
nition tasks, including object detection, object classification, speech recognition, etc. However,
theoretically, these are still poorly understood due to a lack of mathematical models for the entire
network, which hinders predictably improving and customizing these for new tasks. We utilize
concepts from differential geometry, signal processing theory, and information theory. to develop
an understanding of deep neural networks to better analyze, understand, and visualize their ef-
fectiveness in varied pattern recognition tasks. We also utilize these concepts for introducing
improvements for better and faster training of neural networks. Lastly, we also show the inter-
relationship between existing theoretical paradigms of neural networks to get a broader and deeper

understanding of how and why neural networks work in all aspects as described above.

We give a background on learning theory, curvature and linearization, information bottleneck
theory, and information geometry which is required to understand our work on neural networks.
We then explain our contribution to understanding the curvature view of neural networks by utiliz-
ing the theory of Riemannian geometry and direct measurement of Riemannian curvature. We pro-
pose a method for the calculation of Riemannian curvature of neural networks using pre-defined
transformations and analyzing the behavior from derived Ricci scalers. These methods are empir-
ically tested with various datasets and transformations, and the observations are interpreted. We
also explain how this curvature view can be further utilized to define geodesics on Riemannian
manifolds to see the impact of training on learning. We next explain the theory of information
geometry and the concept of Fisher information as applied to neural networks and explain how
it can be utilized and optimized. We explain the Kronecker factorization-based method of opti-
mizing the calculation of natural gradient descent. We share a new algorithm, namely projective
Kronecker factor approximate curvature, and show how it can help in faster convergence using a

low-complexity implementation of natural gradient descent. We also estimate the complexity of
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the new algorithm and compare it with state of art both analytically and experimentally.

We next explain how information theory can be utilized in form of the information bottleneck
principle to understand neural network architecture and the impact of training on generalization.
We further extend the interpretation specifically to explain the effectiveness of skip connections
with both MLP and CNN-type architectures. We also define new metrics based on information
bottleneck theory and do measurements for multiple architectures to show the impact of skip
connections on learning. We finally look at the inter-relationship between the mutual information-
based information plane interpretation of neural networks and the fisher information-based inter-
pretation. We look at how the fisher information and mutual information are related and analyze
the relationships in the context of autoencoders to show how the autoencoder behaves differently

with no generalization phase for the latter part of the network.
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