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A mostly complete chart of

omnca  NEUral Networks ........

i Input Cell ©2016 Fjodor van Veen - asimovinstitute.org

é NOEG It Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

@ Hidden cell ﬁ) & P
@ Probablistic Hidden Cell 3 & @

@ spiing Hidden Cell

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
L e N T = 0 oG
. Output Cell ) ;

9, AR

. Match Input Output Cell '{dh}dﬁ&t'f - '{ﬂa"{ﬂh‘"
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. Meiiary cell Auto Encoder (AE)  Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
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 Kernel

@ Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
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Deep Residual Network (DRN) Kohonen Network (KN) ~ Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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https://blog.csdn.net/BinChasing/article/details/50300069

http://mini.eastday.com/mobile/180116023302833.html

{Why is it hard to train deep neural networks? Degeneracy, not vanishing gradients, is the key)

INRVIERERS

Bf BT R R Tl B2 A A T, B R 2 AR Ao N, SEAT TR 122 3] 2 B 18
TIRMZERZ, bl R, BRI KR TREARESZ RS ER.

10° Speed of learning: 4 hidden layers

—— Hidden layer 1
: : Hidden layer 2
101_ ——  Hidden layer 3 |3
: : ‘ Hidden layer 4

T e e e |

10 I 1 I I
0 100 200 300 400 500

Number of epochs of training

2 BREEIRSE
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A AR R HEL M (I ReLU W48, BEEIRFESEM, BT SAR
Kbtk . Duvenaud 58N 2014 FHRCHEER 7R TIZIBME R AT AL :
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3.2.2 W+ HE AL M2 B f H ?
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