Deep Learning 4

Autoencoder, Attention (spatial transformer), Multi-modal
learning, Neural Turing Machine, Memory Networks,
Generative Adversarial Net




Autoencoder



Autoencoder
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Denoising Autoencoder



Sparse Autoencoder

sparsity

Jeparse(W, ) = J(W,b) + 8 " KL(p||p;);
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Variational autoencoder (VAE)
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A quick intro to variational inference

q"(z) = argminkL (q(z)||p(z|x)) .
q(z)e2
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Nearest images Nearest images

-dog + cat =

- cat + dog =
- plane + bird =

- white + d =




Details

Let q € R” denote an image feature vector

x = W7 -q € RE be the image embedding

image description S = {wq, ..., wy } with words wy, ... . wN
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Details
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scoring function s(X.v) = X -V,
Vi 1s a contrastive (non-descriptive) sentence for image embedding x, and vice-versa with xy.



Neural Uring MaChine |Graves et al.]



“Memory”
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Write
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Addressing Mechanism (overview
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Go over the process
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Memory Network
[Weston et al.][Sukhbaatar et al.]



I\/Iemory Network [Weston et al.][Sukhbaatar et al.]



Training Process

Another visualizedraining process, see httg#/stanford.edu/peopkarpathygan



http://cs.stanford.edu/people/karpathy/gan/

Experiments

Model MNIST TFD
DBN [3] 138 = 2 1909 + 66
Stacked CAE [3] | 121 £ 1.6 | 2110 £ 50
Deep GSN [5] 214+ 1.1 | 1890 % 29
Adversarial nets 225+ 2 | 2057 + 26




Final Notes
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Deep Atari Deep Learn


https://www.cs.toronto.edu/~vmnih/docs/dqn.pdf
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