How it Works:

Convolutional Neural Networks

Slide: http://brohrer.github.io/how_convolutional neural |







A toy ConvNet: X's and O’s

Says whether a picture is of an X or an O
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Trickier cases
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Deciding is hard
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What computers see
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ConvNets match pieces of the image
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Features match pieces of the image
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Filtering:




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
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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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Convolution layer

One image becomes a stack of filtered images
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Convolution layer

One image b

ecomes a stack of filtered images
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Pooling: Shrinking the image stack

Pick a window size (usually 2 or 3).

Pick a stride (usually 2).

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

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

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

Change everything negative to zero.




Rectified Linear Units (ReLUs)
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Rectified Linear Units (ReLUs)
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Rectified Linear Units (ReLUs)
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RelLU layer

A stack of images becomes a stack of images with no

negative values.
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Layers get stacked

The output of one becomes the input of the next.
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Fully connected layer

Every 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




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




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.




Fully connected layer

These can also be stacked.
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Putting it all together

1l-1]-1]-a]-1][-1]-1]-1]
E : FIEIEIEIE] :
EFIEIE . B : BB

EIEIE | Bl : EIEIE
Bl : FIEIETEIE] :
1l-1]-1]a]-a][-1]-1]-1]2




Learning

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

A: Backpropagation
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Backprop
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Backprop
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Backprop
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Backprop
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Backprop
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Gradient descent

For each feature pixel
and voting weight,

adjust it up and down
a bit and see how the

error changes.




Gradient descent

For each feature pixel
and voting weight,

adjust it up and down
a bit and see how the

error changes.




Hyperparameters (knobs)

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




Architecture

How many of each type of layer?

In what order?




Not just images

Any 2D (or 3D) data.

Things closer together are more closely related than
things far away.
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Limitations

ConvNets only capture local “spatial” patterns in data.

If the data can’t be made to look like an image, ConvNets
are less useful.




Compare this to SIFT

Image
Pixels

N

Apply
oriented filters

NN S

.

Spatial pool <

(Sum)

| A
S

Normalize to

unit length

Lowe

[IJCV 2004]

N\

N

Feature
Vector

=

[ Feature maps ]

-

[ Normalization ]

-

[ Spatial pooling

{}

[ Non-linearity 1
{}

[ Input Image ]




Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Details:

ILSVRC’14 2nd in classification, 1st in
localization

Similar training procedure as Krizhevsky
2012

No Local Response Normalisation (LRN)
Use VGG16 or VGG19 (VGG19 only
slightly better, more memory)

Use ensembles for best results

FC7 features generalize well to other
tasks

l Softmax |

l FC 1000 |

fc7 | FC 4096 ]
fc6 | FC 4096 ]

l Pool |

convS [ 3x3 conv, 256 ]
conv4 | 3x3conv,384 |
l Pool |

conv3 | 3x3conv,384 |
| Pool |

conv2 | 5x5conv, 256 |
convi | 1ixi1conv,96 |
| Input |

AlexNet

l Softmax |

l FC 1000 ]

| Softmax ] | FC 4096 ]

fcg | FC 1000 || FC 4096 ]
fe7 | FC 4096 | | Pool ]
fc6 | FC 4096 ] | 3x3conv,512 |

| Pool ] | 3x3conv,512 |

conv5-3 | 3x3conv,512 | | 3x3conv,512 |
conv5-2 | 3x3conv,512 | | 3x3conv,512 |
conv5-1 | 3x3conv, 512 | | Pool |
| Pool | | 3x3conv,512 |

convd-3 | 3x38conv,512 | | 3x3conv,512 |
conv4-2 | 3x3 conv, 512 ] | 3x3 conv, 512 l
conv4-1 | 3x3conv,512 | | 3x3conv,512 |
| Pool ] | Pool |

conv3-2 | 3x3conv,256 | | 3x3conv,256 |
conv3-1 | 3x3conv,256 | | 3x3conv,256 |
| Pool ] | Pool |

conv2-2 | 3x3 conv, 128 ] | 3x3 conv, 128 |
conv2-1 [ 3x3conv, 128 | |_3x3conv, 128 |
| Pool ] | Pool |

convi-2 | 3x38conv,64 | | 3x3conv,64 |
convi-1 | 3x3conv,64 | | 3x3conv,64 |
| | ]

| Input

Input

VGG16

Slide: Stanford CS231n

VGG19



Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

H(x) = F(x) + x T relu
H(X)/ ( ) ( ) \F(x)+x
1 Use layers to
fit residual
X F(x) = H(x) - x
wre'u " ‘relu Identity in(st)ead (gf )
T H(x) directly
X X
“Plain” layers Residual block

Slide: Stanford CS231n



| Softmax ]

Case Study: ResNet =

[He et al., 2015] e E7 ] ot
classes
Full ResNet architecture: T | — Global
- Stack residual blocks F00 + X reld e ayer
- Every residual block has after last
conv layer

two 3x3 conv layers |

- Periodically, double # of l
filters and downsample F(x) Irem X Cae

l

l

3x3 conv, 128
3x3 conv, 128

spatially using stride 2 Identity ——
(/2 in each dimension)

- Additional conv layer at
the beginning X

- No FC layers at the end Residual block
(only FC 1000 to output
classes) = ——

3x3 conv, 128
3x3 conv, 128,/ 2

Slide: Stanford CS231n



R-CNN: Regions with CNN features

aeroplane? no.

person? yes.

tvmonitor? no.

Extract region Compute CNN Classify

image  proposals (~2k /image) features regions

Best performing method on PASCAL 2012
Detection improving previous methods by 30%

Slide: R. Girshick




Thanks!



