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Here is a summary of the neural-network

structure and notation
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Derivatives of loss function with respect to

parameters are needed for learning
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y is given as a series of nested operations
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The layer-/ z derivative (&) can be used to

get the desired W' derivatives
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Recursion can be used to compute &’

_ W£f£_1 5 W£—1f£—2 o . .. Jcl 5 l(Xi)
_ Wﬁfﬁ—l 5 W£—1f£—2 o. .. Jcl oW fl 1 (xz)

OL; 07
§ = L = (L o) =2
8 Z 825 aé._l depends only on zé._l
I—1\T r o[ 99 1 82 [T X pl—1 -1
(" = Lhow) o7 ) o = ()W diag[(7 1) 0 2]

This is the basis for backpropagation. Compute derivatives for
output layer, and sweep back to get derivatives for each lower layer
in succession (/ = [/-1), to the first one




Feed-forward is just one of many types of

neural networks that have been developed

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
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Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

2

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
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Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE) Deep Residual Network (DRN) Differentiable Neural Computer (DNC) Neural Turing Machine (NTM)
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https://www.asimovinstitute.org/neural-network-zoo/



Suggested Reading/Viewing

Dral, Pavlo O; Kananenka, Alexei A; Ge, Fuchun; Xue, Bao-Xin, Chapter
8, Neural Networks. In Quantum Chemistry in the Age of Machine
Learning.

— https://dot.org/10.1016/B978-0-323-90049-2.00011-1
— Posted on UBLearns

Jinzhe Zeng, Liqun Cao, and Tong Zhu, Chapter 12, Neural Network
Potentials. In Quantum Chemistry in the Age of Machine Learning.
— Posted on UBLearns

https://en.wikipedia.org/wiki/Backpropagation

Using TensorFlow to solve regression problems, including the MPG
example
— https://www.youtube.com/watch?v=-vHQubONXI4
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