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Computer Vision Problems [;ﬂ
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Image Classification Neural Style Transfer
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Deep Learning on large images ﬁ
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Edge detection example
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Vertical edge detection
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Vertical edge detection examples '
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Vertical and Horizontal Edge Detection DAV
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Learning to detect edges
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Valid and Same convolutions [:A
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Summary of convolutions [:A
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Convolutions on RGB images _%‘\7
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Convolutions on RGB image %‘\7
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Multiple filters
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Example of a layer %
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Number of parameters in one |ayer [AV
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If you have 10 filters thatare 3 x 3 x 3 in one Iayer of a neural

network, how many parameters does that layer have?
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Summary of notation PA
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If layer | 1s a convolution layer:

U = filter size Input:
pll = padding Output: =,
sl = stride
nl|= number of filters n‘tﬂ . \7
- Each filter 1is: Qmﬁch % ﬂ?ﬂ —
Activations: 5" TN ﬂtﬂ >m %
Weights: [™, [, o @0 o) B
bias: ﬂct:_n ~ O e A abilbes W \%S-J €. N ¥ Nyr i,
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Example ConvNet __%\7
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Types of layer i lutional ki das
yPes 9) ayer IN a convolutional networ aJLt_a]J_IiI
- Convolution
- Pooling
- Fully connected
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Pooling layer: Max pooling é
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Pooling layer: Max pooling %\7
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Pooling layer: Average poollng
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Summary of pooling PAV

Hyperparameters:
f:filter size
s:stride

Max or average pooling
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Neural network example 2\7
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Why convolutions
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Parameter sharing: A feature detector (such as a vertical

edge detector) that’s useful in one part of the image is probably
useful in another part of the image.

— Sparsity of connections: In each layer, each output value
depends only on a small number of inputs.
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Cost J =~ 3 LD, y®)

=1

Use gradient descent to optimize parameters to reduce J
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