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E CNN(Convolutional Neural Networks)
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%

and 17.0% which is considerably better than the previous state-of-the-art. The 4096-4096-1000
o0
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between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624-64,896-64,896-43,264—
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B Motivation of CNN f
— 21529l Neural NetworksOj|Aq=, 2= output unit0] 2 input unit?} interact
— J2iL}, CNNO|M= EH FH2| feature?} outputO| interactstd 0| Zd2 sparse
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This full connectivity is wasteful and the

huge number of parameters would quickly

lead to over-fitting!

image size : 300x400x3

<Traditional Neural Networks>
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E CNN Architecture
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B CNN Architecture L
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1.3 ConvolutiMural Network ﬁh,itgctures
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B Popular CNN Architectures
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2. Recurrent Neural Network
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2-1 RNN A7 e

B Applications of RNN
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E RNN2| 24|
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<Input gate> <Update cell>

Input Gate Layer
i =0 (Wi-[hi—1,2] + b;)

<Forget gate>
Update Cell State (memory):

fi=o (Wy-lh_1,a] + by) Co— fo G+t Gy
‘—'—’ New contribution to cell state
Concatenate C, = tanh(We-[he—1,2:] + be) IIE neuronilt S L

}I,t T

Output Gate Layer

O :U(Wo [ht—lamt] + bo)

hi—y Output to next layer

T hi = oy * tanh (C}) X: Colah’s blog
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