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Figure 4. Evolution of a randomly chosen subset of model features through training. Each layer’s features are displayed
in a different block. Within each block, we show a randomly chosen subset of features at epochs [1,2,5,10,20,30,40,64].
The visualization shows the strongest activation (across all training examples) for a given feature map, projected down to
pixel space using our deconvnet approach. Color contrast is artificially enhanced and the figure is best viewed in electronic
form.

Zeiler,M.D.,&Fergus,R.(2013).Visualizing and understanding convolutional networks (2013). arXivpreprintarXiv:1311.2901.
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“Deep Learning waves have lapped at the shores of computational linguistics for several
years now, but 2015 seems like the year when the full force of the tsunami hit the major
Natural Language Processing (NLP) conferences.”
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A visualization of how this neural net works. (Source)

Kurt Hornik,Maxwell Stinchcombe, Halbert White, “Multilayer feedforward networks are universal approximators”, Neural Networks, Volume 2, Issue

5,1989,Pages359-366, ISSN0893-6080,http://dx.doi.org/10.1016/0893-6080(89)90020-8.

LeCun,Y; Boser,B; Denker,J; Henderson,D; Howard,R; Hubbard,W; Jackel,L,“Backpropagation Applied to Handwritten Zip Code Recognition,” in Neural

Computation, vol.1, no.4, pp.541-551, Dec.1989.
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Rumelhart, James L. McClelland, and CORPORATE PDP ResearchGroup (Eds.). MITPress, Cambridge, MA, USA 318 - 362
Fukushima, K.(1980), ‘Neocognitron: A Self-Organizing Neural Network Model for a Mechanism of Pattern Recognition Unaffected by Shift in Position’, Biological Cybernetics 36,193-202.
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an a1 an
5 P A S -V . | S N, I I
1 r] 13
Goal: learn to choose actions that mazximize: The double pendulum control problem - a step up from

+ v + + <y < : . . : :
YR mhersDis = the single pendulum version, which is a classic control

; : and reinforcement learning task.
Reinforcement learning. (Source)
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Deep Learning =

Lots of training data + Parallel Computation + Scalable, smart algorithms

The Deep Learning “Computer Vision Recipe”
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Big Data: ImageNet Deep Convolutional Neural Network Backprop on GPU Learned Weights
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