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Traditional Image Categorization: Training & Testing phase
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Learning Feature Hierarchy

Goal: Learn useful higher-level features from images
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Neural networks basics (remind!)
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Neural networks basics (remind!): Multilayer Perceptron
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Convolutional Neural Networks
(CNN, ConvNet, DCN)
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Underfitting Just right! overfitting

An example of overfitting, underfitting and a model that's "just right!”
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Convolutional Neural Networks
(CNN, ConvNet, DCN)
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Inputimage ' convolutional Neural Networks (CNN)
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«aW&ilY) Convolution CNN (and) ?A’m <l Neural Networks ‘
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il Convolution CNN Gread) ol clsué Neural Networks
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adlaty 4kl Convolutional Neural Networks (CNN)

e Weighted moving sum

slide credit: S. Lazebnik
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Non Li Convolutional Neural Networks (CNN)
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Max Pooling

Convolutional Neural Networks (CNN)
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Fully Connected (FC) Convolutional Neural Networks (CNN)
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Convolutional Neural Networks (CNN)

ResNet 4.
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ResNet 4sué Convolutional Neural Networks (CNN)
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EfficientNet

Convolutional Neural Networks (CNN)
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il Convolutional Neural Networks (CNN)

* Used in Facebook, Google, Microsoft

* I[mage Recognition, Image description and captioning, ....

 Classification application (Face recognition, disease
classification, object detection, etc.).

* Detection, tracking, segmentation.
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