Convolutional Neural Networks



Low level features Mid level features High level features

Edges, dark spots Eyes, ears, nose Facial structure


http://web.eecs.umich.edu/~honglak/icml09-ConvolutionalDeepBeliefNetworks.pdf
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Playing Atari with Deep Reinforcement Learning.

Volodvmvr Mnih, Koray Kavukcuoqlu David Silver, Alex Graves, loannis Antonoglou, Daan
Wierstra, Martin Riedmiller



http://arxiv.org/pdf/1312.5602v1.pdf
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http://www.umiacs.umd.edu/~yzyang/paper/YouCookMani_CameraReady.pdf

A toy ConvNet: X's and O’

Says whether a picture is of an X or an O
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Images are Numbers

e computer sees
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An image is just a matrix of numbers [0,255]
.e., 1080x 1080x3 for an RGB image




Task in Image Classification

Input Image
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High Level Feature Detection

Wheels,
License Plate,

Headlights




Manual Feature Extraction

: Detect features
Domain knowledge Define features :
to classity

Problems!?




Manual Feature Extraction

Detect features

Domain knowledge Define features .
to classify

Viewpoint variation Scale variation Deformation Occlusion




Learning Feature Representation

Can we learn hierarchy of features directly from
the data instead of hand engineering?

Low level features Mid level features High level features

Edges, dark spots Eyes, ears, nose Facial structure




Trickier cases
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What computers see
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Computers are literal
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Features match pieces of the image
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Filtering: The math behind the match




Filtering: The math behind the match

1. Line up the feature and the image patch.

2. Multiply each image pixel by the corresponding
feature pixel.

3. Add them up.
4. Divide by the total number of pixels in the feature.
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Filtering: The math behind the match




Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match




1|-1)-1]-1]-1]-1|-1|-1]|-1

Filtering: The math behind the match




Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match




Filtering: The math behind the match
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Filtering: The math behind the match

-1

1)1
. -1
1)-1{-1

1
-1{-1(-1|-1




Filtering: The math behind the match
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Filtering: The math behind the match
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Convolution: Trying every possible match
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Convolution: Trying every possible match
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One image becomes a stack of filtered images

Convolution layer
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One image becomes a stack of filtered images

Convolution layer
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Pooling: Shrinking the image stack

1. Pick a window size (usually 2 or 3).

2. Pick a stride (usually 2).

3. Walk your window across your filtered images.
4. From each window, take the maximum value.
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zelelligle
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Pooling layer

A stack of images becomes a stack of smaller images.
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Nonlinearity

Keep the math from breaking by tweaking each of the
values just a bit.

Change everything negative to zero.
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Rectified Linear Units (RelLUs)




Rectified Linear Units (RelLUs)
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Rectified Linear Units (RelLUs)
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Rectified Linear Units (RelLUs)
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RelLU layer

A stack of images becomes a stack of images with no
negative values.
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Common Activation Functions

Sigmoid Function Hyperbolic Tangent Rectified Linear Unit (RelLU)
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Layers get stacked
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Deep stacking

Layers can be repeated several (or many) times.
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Fully connected layer

Fvery value gets a vote
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Fully connected layer

Vote depends on how strongly a value predicts X or O
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Fully connected layer

Vote depends on how strongly a value predicts X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O




Fully connected layer

Future values vote on X or O
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Fully connected layer

A list of feature values becomes a list of votes.
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Fully connected layer

These can also be stacked.

o o <) o o o o o
(6, ] [0 ] [e)} N ~ (o] > [e)]
w [(e} w w w ~ (6] (U]



Putting it all together

A set of pixels becomes a set of votes.
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Learning

Q: Where do all the magic numbers come from?
Features in convolutional layers
Voting weights in fully connected layers

A: Backpropagation




Backprop
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Error = right answer — actual answer
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Hyperparameters (knobs)

Convolution
Number of features
Size of features
Pooling
Winaow size
Window stride
Fully Connected
Number of neurons




Images

Columns of pixels —

s|oxid JO SMOY
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Time steps

Intensity In each

frequency band —
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Limitations

ConvNets only capture

f the data can’t be mac
ConvNets are less usef

ocal “spatial” patterns in data.

e to look like an image,
.



Rule of thumb

T your data is just as useful

after swapping any of your
columns with each other, then

you can't use Convolutional
Neural Networks.



N a nutshell

ConvNets are great at finding patterns and using them
to classity images.



Some ConvNet/DNN toolkits

(Berkeley Vision and Learning Center)
(Microsoft)

(Rona

(Skymind)

(Google)
(al

versity of Montreal + broad community)

n Collobert)


http://caffe.berkeleyvision.org/
https://github.com/Microsoft/CNTK
https://en.wikipedia.org/wiki/Deeplearning4j
http://www.tensorflow.org/
https://en.wikipedia.org/wiki/Theano_(software)
https://en.wikipedia.org/wiki/Torch_(machine_learning)
http://deeplearning.net/software_links/

