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Announcement

ÅLecture evaluation

ü Please fill out the evaluation formsé

2
B. Leibe



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
A

d
v
a
n

c
e
d

 M
a
c
h

in
e
 L

e
a
rn

in
g

 W
i
n
t
e
r
ô
1
6

This Lecture: Advanced Machine Learning

ÅRegression Approaches

ü Linear Regression

ü Regularization (Ridge, Lasso)

ü Kernels (Kernel Ridge Regression)

ü Gaussian Processes

ÅApproximate Inference

ü Sampling Approaches

ü MCMC

ÅDeep Learning

ü Linear Discriminants

ü Neural Networks

ü Backpropagation & Optimization

ü CNNs, RNNs, ResNets, etc.
B. Leibe
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Topics of This Lecture

ÅRecap: CNN Architectures

ÅResidual Networks

ÅApplications of CNNs
ü Object detection

ü Semantic segmentation

ü Face identification

4
B. Leibe
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Recap: Convolutional Neural Networks

ÅNeural network with specialized connectivity structure

ü Stack multiple stages of feature extractors

ü Higher stages compute more global, more invariant features

ü Classification layer at the end

5
B. Leibe

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, Gradient-based learning applied to

document recognition , Proceedings of the IEEE 86(11): 2278ð2324, 1998.

Slide credit: Svetlana Lazebnik

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)

ÅSimilar framework as LeNet, but

ü Bigger model (7 hidden layers, 650k units, 60M parameters)

ü More data (10 6 images instead of 10 3)

ü GPU implementation

ü Better regularization and up -to -date tricks for training (Dropout)

6
Image source: A. Krizhevsky, I. Sutskever and G.E. Hinton, NIPS 2012

A. Krizhevsky, I. Sutskever, and G. Hinton, ImageNet Classification with Deep

Convolutional Neural Networks, NIPS 2012.

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
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Recap: VGGNet (2014/15) 

ÅMain ideas 

ü Deeper network

ü Stacked convolutional

layers with smaller

filters (+ nonlinearity)

ü Detailed evaluation

of all components

ÅResults

ü Improved ILSVRC top-5

error rate to 6.7%.

7
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Image source: Simonyan & Zisserman

Mainly used
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ÅIdeas: 

ü Learn features at multiple scales

ü Modular structure

Recap: GoogLeNet (2014)

8
B. Leibe

Inception

module
+ copies

Auxiliary classification 

outputs for training the 

lower layers (deprecated)

Image source: Szegedy et al.
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Recap: Visualizing CNNs

10
B. LeibeSlide credit: Yann LeCun
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Topics of This Lecture

ÅRecap: CNN Architectures

ÅResidual Networks

ÅApplications of CNNs
ü Object detection

ü Semantic segmentation

ü Face identification

11
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Newest Development: Residual Networks

12
B. LeibeSlide credit: Kaiming He
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Newest Development: Residual Networks

ÅCore component

ü Skip connections 

bypassing each layer

ü Better propagation of 

gradients to the deeper

layers

13
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Spectrum of Depth

14
B. LeibeSlide credit: Kaiming He
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Spectrum of Depth

ÅDeeper models are more powerful

ü But training them is harder.

ü Main problem: getting the gradients back to the early layers

ü The deeper the network, the more effort is required for this.

15
B. LeibeSlide adapted from Kaiming He
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Initialization

ÅImportance of proper initialization (Recall Lecture 11 )

ü Glorot initialization for tanh nonlinearities

ü He initialization for ReLU nonlinearities

Ý For deep networks, this really makes a difference!

16
B. LeibeSlide credit: Kaiming He
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Batch Normalization

ÅEffect of batch normalization

ü Greatly improved speed of convergence

17
B. Leibe

Image source: Ioffe & Szegedy
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Going Deeper

ÅChecklist

ü Initialization ok

ü Batch normalization ok

ü Are we now set?

ðIs learning better networks now as simple as stacking more layers?

18
B. LeibeSlide credit: Kaiming He
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Simply Stacking Layers?

ÅExperiment going deeper

ü Plain nets: stacking 3 ³3 convolution layers

Ý 56-layer net has higher training error than 20 -layer net

19
B. LeibeSlide credit: Kaiming He


