Lecture 3: Convolutional
Neural Networks



Today:

* Expectations of visual recognition systems  (15%)

* A Conv layer, stride, padding etc. (25%)
e Conv2D (20%)
* Transposed Conv (5%)

* Implementation and backprop (15%)
 What is encoded in feature maps? (10%)
* Max-pooling, convnet and conv variants (10%)
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Fxpectations of visual recognition network -

1. Maintain 2D structure logic
2. Shift invariant (actually, equivariant)
3. Consider only local correlations

4. Hierarchically growing field of view

5. Hierarchically progressing complexity

6. Reasonable amount of params
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Fully connected layer
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. Maintain 2D structure logic

2. Shift invariant (actually, equivariant)

. Consider only local correlations

4. Hierarchically growing field of view

. Hierarchically progressing complexity
6. Reasonable amount of params



Convolution
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Convolution layer
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Convolution Filter -

‘ \ Q: Given input size and filter size, find
output size.
@) —2

Q: is this a convolution?

A: Yes, but with the flipped filter.
This is cross-correlation.
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Stride
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Conv2D
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Convs rock!

. Maintain 2D structure logic

. Shift invariant (actually, equivariant)
. Consider only local correlations
Hierarchically growing field of view

. Hierarchically progressing complexity

. Reasonable amount of params
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‘T'wo important intuitions about feature maps -

NAVAVAVANAN

% v— layer feature-map



‘T'wo important intuitions about feature maps
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‘Transposed Convolution
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‘Transposed Convolution with stride

osed Conv

Recall- stride 2 conv:
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Transposed Convolution by dilation & thp
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A note about the implementation of conv

‘e, [Cout' Cin' h' W]
Unfold %E

BMM Reshape Fold (1x1)
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Q: How do you backprop a Conv? (1D)

For derivative of loss w.r.t all neurons:
Transposed Conv with the same filter!

For derivative of loss w.r.t filter weights:
Multiply conv-output-grad with the neurons it “sees”, sum over all locations.

Q: How about Conv2D?

For derivative of loss w.r.t all neurons:
1. Transpose dims of filter ¢;,, , ¢, (as in FC)
2. Transposed Conv2D with the modified filter!

For derivative of loss w.r.t filter weights:
Outer-prod of conv-output-grad with the neurons it “sees”, sum over all locations.
(You need to unfold conv-input like in forward, and conv-out-grad with 1x1)
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Max Pooling

Input
/] |35 |2 Output
81716 maxpool 8|6
419|319 919
0(8(4 |5

e Usually stride=win-size, but not always.
* Each channel separately.
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ConvNet Example

i

convl

conv2

convi3

convd

VGG-16 (Simonyan & Zisserman, 2014)

28 x 28 = 512

56 x 56 x 256

[ A
112« 112 % 128

224 x 224 % 64
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max pooling



More special Convs! Group Conv (krihzevsky 2012)

Input Qutput Input Qutput
Features Features Features Features

Depthwise Conv
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This week’s tutornal:

CNN Architectures

Dror Moran
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Next week’s lecture:

‘ Pr aCtlcal Initializat/,io \

) Augme ntatigﬁ

egularization™®
Tramning (S
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