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Neural Networks

Large number of parameters

+

Nonlinearities via activation
functions

+

Layer-wise functional components

Difficult to interpret
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Layer Name Tensor Size Weights Biases Parameters
Input Image 227x227x3 0 0 0
Cony-1 55x55x96 34,848 96 34,944
MaxPool-1 27x27x96 0 0 0
Conv-2 27x27x256 614,400 256 614,656
MaxPool-2 13x13x256 0 0 0
Conv-3 13x13x384 884,736 384 885,120
Conv-4 13x13x384 1,327,104 384 1,327,488
Conv-5 13x13x256 884,736 256 884 992
MaxPoocl-3 Ex6x256 0 0 0
FC-1 4096x1 37,748,736 4096 37,752,832
FC-2 4096x1 16,777,216 4,096 16,781,312
FC-3 1000x1 4,096,000 1,000 4,097,000
Output 1000x 1 0 0 0
Total 62,378,344

https://www.learnopencv.com/number-of-parameters-and-tensor-sizes-in-convolutional-neural-network/




Non-local Representations
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Non-local Representations

Layer Depth

___

_/-‘{""”_/*;”_/A

s

= W
— e e % C ) NI o

Edges (layer conv2d0) Textures (layer mixed3a) Patterns (layer mixed4a) Parts (layers mixed4b & mixed4c) Objects (layers mixed4d & mixed4e)

Representations Distributed Layer-wise
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High dimensionality
and multiple scales

Network Structure

Persistent
Homology

Global representations
with inclusion

Nonlinearities

RelU Sigmoid Tanh

https://towardsdatascience.com/breaking-neural-networks-with-adversarial-attacks-f4290a9a45aa



Neural Networks as
Graphs

* Two Views:
e Static Network
* Gabella et al.
e Rieck et al.
* Induced Network
e This talk

* Connectivity Types:
e Fully Connected
e Convolutional
* Pooling

Neuron Neuron
¢(u,’0) — ‘wu—mhu‘ V1 Un
/wl,l . wl,n\
w2 1

[513‘1 Lo ... xn]

Activations layer [

Parameters layer [ + 1

Wi



Big Picture

Let G* = (V, E, ¢) be a network’s graphical representation induced by input Z

V=VuUWViu ---UVL_1 where u€ Vi, v €V, and (u,v) € E onlyif k=1-1

The edge weighting for edge (u,v) € E given by ¢(u,v) = |wy—hy| defines the filtration:

hcGtcGfc---cGL =G*



Big Picture

The persistent structure of this network filtration relates to semantic information about
the input. We hypothesize:

0 —— Ho(G§) — Ho(GY) ——= -+ ——= Ho(Gy_,) — Ho(G%)
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For some decomposition 0 CZy CZ; C --- C Iy =7 of input Z € R"






Unaltered Images

Unaltered Subgraphs

Homology generator similarity mirrors image space similarity
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Persistent subgraph structure is highly predictive for classification of input

Network Subgraph SVM Accuracy Network Accuracy Recovery Accuracy
CCFF-Relu 89.3% 97.6% 70.3%
CCFF-Sigmoid 89.1% 88.8% 83.4%
CCFF-Relu 89.3% 90.0% 80.3%
CCFF-Sigmoid 85.3% 84.7% 79.3%

Task-relevant information is retained by the generators




Future Work



Future Work

More Math



0 —> Ho(G}) ——= Hy(GF) —= - — Hy(G%_,) — Ho(CF)

Different New complex Structure-preserving
architectures constructions scaling
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Visualization &
Regularization

Input space
homology
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https://www.ayasdi.com/blog/artificial-intelligence/using-topological-data-
analysis-understand-behavior-convolutional-neural-networks/
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Sheaf-like
constructions
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https://www.math.upenn.edu/~jhansen/publications/gentleintroduction.pdf



More Info

Adversarial Examples Target Topological Holes in Deep Networks T Gebhart, P
Schrater - arXiv preprint arXiv:1901.09496, 2019

Email: gebhart@umn.edu
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