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Convolutional Neural Networks IlI
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Announcement
A Lecture evaluation
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This Lecture: Advanced Machine Learning

A Regression Approaches f X = R

« Linear Regression

s Regularization (Ridge, Lasso) 1
. Kernels (Kernel Ridge Regression)
« Gaussian Processes : - e

M=9

A Approximate Inference "

s  Sampling Approaches -
i« MCMC

A Deep Learning
« Linear Discriminants
« Neural Networks
s Backpropagation & Optimization
i« CNNs RNNs, ResNets, etc.

B. Leibe
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Topics of This Lecture

A Recap: CNN Architectures
A Residual Networks

A Applications of CNNs

« Object detection
s Semantic segmentation
s Face identification

B. Leibe
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Recap: Convolutional Neural Networks

C3:f. maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5

6@28x28
32x32 S2: f. maps C5:layer pg. layer OUTPUT
120 ' 10

Gt |T_ r"r 84
T

I Fullconrlnection I Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

A Neural network with specialized connectivity structure
o Stack multiple stages of feature extractors
s Higher stages compute more global, more invariant features
. Classification layer at the end

Y. LeCun L. Bottou, Y. Bengio, and P. Haffner, Gradient-based learning applied to
document recognition , Proceedings of the IEEE 86(11): 22782324, 1998.
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Slide credit: Svetlana Lazebnik B. Leibe


http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
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Recap: AlexNet (2012)

\ ok = =
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\ ' 3
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D " 5\ .
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[I E *\ - A Ny 3 ~ /
ﬁ27 1 _ Q” Ell B S 13 dense | Kense
“If \qj ﬁ . 192 e
' : 192 128 Max | ]
' 2048 %
Strid Max 128 Max pooling 2048
of 4 pooling pooling

3 43

A Similar framework as LeNet, but
s Bigger model (7 hidden layers, 650k units, 60M parameters)
s More data (10 ¢ images instead of 10 3)
s GPU implementation
. Better regularization and up -to-date tricks for training (Dropout)

A. Krizhevsky, I. Sutskever and G. Hinton, ImageNet Classification with Deep
Convolutional Neural Networks, NIPS2012. 5

Image source: A. Krizhevsky, I. Sutskever and G.E. Hinton, NIPS 2012
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http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

A Main ideas

« Deeper network

« Stacked convolutional
layers with smaller
filters (+ nonlinearity)

« Detalled evaluation
of all components

A Results

« Improved ILSVRC top-5
error rate to 6.7%.
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Recap: VGGNet(2014/15)

ConvNet Configuration

A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB imagp)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 [ conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 conv3-256 | conv3-256 f§ conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 [ conv3-256
convl-256 | conv3-256 || conv3-256
conv3-256
maxpool
conv3-512 | conv3-512 | conv3-512 conv3-512 conv3-512 || conv3-512
conv3-512 | conv3-512 | conv3-512 conv3-512 conv3-512 || conv3-512
convl-512 | conv3-512 || conv3-512
conv3-512
maxpool
conv3-512 | conv3-512 | conv3-512 conv3-512 conv3-512 || conv3-512
conv3-512 | conv3-512 | conv3-512 conv3-512 conv3-512 || conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool Ml 1
FC-4096 viallty uscu
FC-4096
FC-1000
soft-max
B. Leibe

Image source: Simonyan & Zisserman
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Recap: GooglLeNet (2014)
A Ideas:
© « Learn features at multiple scales
- « Modular structure " Bl B
- gl &1 SERT TR
> o] al[ af. Eﬁgﬁﬁlgglﬂﬁﬁlﬁﬂiﬂﬂg
- EETIETIE G L AR R E R CHIRNE R
- I REA R | ow | EE [0 o
= [EARE LL |
E _ | Ei Convolution
§ Inception + copies \ Pqpling
> module S0 |
E | Other |
: [ = | ,
= ST ey [ - Auxiliary classification
S T [ | [eae | R outputs for training the
S \m — lower layers (deprecated)
©
< (b) Inception module with dimension reductions 8

B. Leibe Image source: Szegedy et al.
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Recap: Visualizing CNNs

Low-Level__Mid-Level High-Level_' Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 201 3]
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Slide credit: Yann LeCun B. Leibe
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Topics of This Lecture

A Residual Networks
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Newest Development: Residual Networks
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Slide credit: Kaiming He B. Leibe



- UNI
Newest Development: Residual Networks

AlexNet, 8 layers % VGG, 19 layers
(ILSVRC 2012) (ILSVRC 2014)

ResNet, 152 layers
(ILSVRC 2015)

A Core component
« SKip connections

. X
bypassing each layer
. Better propagation of weight layer
gradients to the deeper F(x) l relu
layers .
weight layer

H(x)=F(x)+x
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Spectrum of Depth

—» 5 layers: easy

—— >10 layers: initialization, Batch Normalization

» >30 layers: skip connections

— >100 layers: identity skip connections

l—> >1000 layers: ?
L o ® O

shallower deeper
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Slide credit: Kaiming He B. Leibe



Spectrum of Depth

—p 5 layers: easy

—— >10 layers: initialization, Batch Normalization

» >30 layers: skip connections

— >100 layers: identity skip connections

l—> >1000 layers: ?
@ [ o [

shallower deeper

A Deeper models are more powerful
« But training them is harder.
s Main problem: getting the gradients back to the early layers
s The deeper the network, the more effort is required for this.
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Slide adapted from Kaiming He B. Leibe



Initialization
22-layer RelLU net: 30-layer RelU net:
good init converges faster good initis able to converge

0951 0.951

0.9 09

Error
Error

0.851 0.851

1
Enl/ar[wj =1

08 08t

.......... nVar[w] =1

ﬂ'?ﬁﬂ D:E- 1 E:,fd-, 2 25 3 iD'?E‘CI 1 2 3 4 oo i ] 7 8 5
A Importance of proper initialization (Recall Lecture 11 )

o Glorot initialization for tanh nonlinearities
o He initialization for ReLU nonlinearities
Y For deep networks, this really makes a difference!
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Slide credit: Kaiming He B. Leibe
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Batch Normalization

0.8 best of w/ BN w/o BN
. == L A -4
> /& -~
(@) - N -
o 1%
>
@)
o
©
= = = |nception
----- BN-Baseline
------- BN-x5
BN-x30
oo BN—x5-Sigmoid
4 Steps to match Inception
1 |

| | | H
10M 15M 20M 25M som  ter.

A Effect of batch normalization
s Greatly improved speed of convergence
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Image source: loffe & Szegedy

B. Leibe



U
Going Deeper

A Checklist

a Initialization ok
o Batch normalization ok

« Are we now set?
0 Is learning better networks now as simple as stacking more layers?
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Slide credit: Kaiming He B. Leibe
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Simply Stacking Layers?

A Experiment going deeper
« Plain nets: stacking 3 23 convolution layers
Y 56-layer net has higher training error  than 20 -layer net

(o)
—i
«©
| -
(¢b)
+—
c
(@))
=
c
S
©
]
—l
&)
=
e
&)
©
=
©
(B)
&)
c
®
>
©
<

19

Slide credit: Kaiming He B. Leibe



