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ImageNet Success Stories(roadmap for rest of the talk)
o AlexNet
o ZFNet
o VGGNet
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ImageNet Success Stories(roadmap for rest of the talk)
o AlexNet
o ZFNet
o VGGNet
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ImageNet Success Stories(roadmap for rest of the talk)
o AlexNet
o ZFNet
o VGGNet
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Module 11.5 : Image Classification continued
(GoogLeNet and ResNet)
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o Consider the output at a certain layer
of a convolutional neural network
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. o After this layer we could apply a max-
! pooling layer
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o Consider the output at a certain layer
of a convolutional neural network

Max Pooling

o After this layer we could apply a max-
N N pooling layer

w

@ Or a1l x 1 convolution
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