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no free lunch theorem

We have dubbed the associated results NFL theorems because they demonstrate that if an algorithm
performs well on a certain class of problems then it necessarily pays for that with degraded
performance on the set of all remaining problems.

Wolpert and Macready,1995
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Input Cell
O Backfed Input Cell
&8 Noisy Input Cell
@ Hidden cell
@ rrobablistic Hidden Cell
@ spiking Hidden Cell
© copsulecell
. Output Cell
@ Matchinput Qutput cell
. Recurrent Cell
@ remorycell
. Gated Memory Cell
Kernel

© convolution or Poal
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Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)
Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Cated Recurrent Unit (GRU)
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Auto Encoder (AE) Variational AE (VAE) Denising AE (DAE) Sparse AE (SAE)
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Markou Chain (MC) ~ Hopfield Network {HN)  Boltzmann Machine (BM)  Restricted BM (RBM) Deep Bellef Network (DBN)
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Deconvolutional Network (DN]  Deep Convalutional inverse Graphics Netwark (DCIGN)
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Generative Adversarial Network (GAN)
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Deep Residual Network [DRN) Differentiable Neural Computer (DNC) Neural Turing Machine (NTM)
o o o

Capsule Network (CN)
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Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network ([ESN)

.

Attention Metwork (AN)

Kohonen Metwork (KN)
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