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Instead of design features,
let's design feature learners;
Deep learning provides a way of doing it
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Previouslyend-to-end..
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Part I: Endgo-end learning (E2E)



Previously, endo-end..
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Part I: Endgo-end learning (E2E)



Previously,finetuning..
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Previously,finetuning..

Fine-tuning a pretrained network
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https://imatge.upc.edu/web/publications/layer-wise-cnn-surgery-visual-sentiment-prediction
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Previously,finetuning..

Fine-tuning a pretrained network

Finetuning: High learning rate in new layer, and low learning rate in all other layers.

Slide creditVictor Campogy [ -8 &5 / bb & dzZNESNE T2 NJ (ETVSET®RGEI5){ SYGdAYSyid t NEBRAO
8



https://imatge.upc.edu/web/publications/layer-wise-cnn-surgery-visual-sentiment-prediction
https://imatge.upc.edu/web/publications/layer-wise-cnn-surgery-visual-sentiment-prediction
https://imatge.upc.edu/web/publications/layer-wise-cnn-surgery-visual-sentiment-prediction

Previously, ofthe-shelf features..

Task A
(eg. image classification)

Learned
Representation

Part |. Endto-end learning (E2E)

I Task B
Part 11: Offthe-shelf features (eg. image retrieval)
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Previously, ofthe-shelf features..

Image classification: image as an input, label as output
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Two deep lectures in M5

Deep ConvNets for Recognition at...
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Image Classification

Image classification: image as an input, label as output
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Local object recognition

object localization
(single object)

object detection

semantic segmentation




Classification+LOCALIZATION

Classification: C classes
Input: Image
Output: Class label
Evaluation metric: Accuracy

Localization:
Input: Image
Output: Box in the image (X, y, w, h)
Evaluation metric: Intersection over Union

Classification + Localization: Do both

slide credit: LiKarpathy Johnson



Localization as regression

Input: image

Neural Net Output:
—- Box coordinates
(4 numbers) \
Loss:
Correct output: L2 distance
box coordinates /

Only one object, (4 numbers)
simpler than detection

slide credit: LiKarpathy Johnson



Localization as regression
Step 1: Train (or download) a classification model (AlexNet, VGG, GooglLeNet)

Convolution
and Pooling
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Final conv
feature map
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Localization as regression

Step 2: Attach new fully-connected “regression head” to the network
classification head
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regression head
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Localization as regression

Step 3: Train the regression head only with SGD and L2 loss
classification head

regression head

slide credit: LiKarpathy Johnson



