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Convolutional Neural Networks

e [LeCun et al. 1989

* Neural network with specialized
connectivity structure
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ConvNet Architecture

. Exploits two properties of images:

* 1. Dependencies are local

— NO need tO have each Red component 0Green component . Blue component
unit connect to every §
pixel ii ii

* 2. Spatially stationary statistics

— Translation invariant dependencies

— Only approximately true



Multistage Hubel-Wiesel Architecture

* Stack multiple stages of simple cells / complex cells layers
* Higher stages compute more global, more invariant features

* C(lassification layer on top

History:
* Neocognitron [ Fukushima 1971-1982]
* Convolutional Nets [LeCun 1988-2007]
« HMAX [Poggio 2002-2006]

* Many others....

Slide: Y.LeCun



Overview of Convnets

Feature maps
Feed-forward: | Feaursmaps

— Convolve input t
— Non-linearity (rectified linear)
— Pooling (local max) f
+ Superisd
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Convnet Successes

* Handwritten text/digits

— MNIST  (0.17% error [Ciresan et al. 2011])
— Arabic & Chinese [Ciresan et al. 2012]

* Simpler recognition benchmarks
— CIFAR-10 (9.3% error [Wan et al. 2013])

— Traffic sign recognition |
* 0.56% error vs 1.16% for humans [Ciresan et al. 201 1] )

* But less good at more complex datasets
— E.g. Caltech-101/256 (few training examples)




Application to ImageNet

e * ~14 million labeled images, 20k classes

IMAGENF
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* Images gathered from Internet

 Human labels via Amazon Turk

ImageNet Classification with Deep Convolutional
Neural Networks [NIPS 2012]

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca ilya@cs.utoronto.ca hinton@cs.utoronto.ca



Goal

* Image Recognition
— Pixels = Class Label

abacus

abacus

typewriter keyboard
space bar

computer keyboard

accordion

Polaroid camera
pencil sharpener

switch
combination lock

zucchini cock

ground beetle cocker spaniel
common newt partridge

water snake English setter

| Krizhevsky et al. NIPS 2012]



Krizhevsky et al. [NIP$S2012]

e Same model as L.eCun’98 but:
- Bigger model (8 layers)

- More data (10 vs 10° images)
- GPU implementation (50x speedup over CPU)
- Better regularization (DropOut)

r IH -
. ‘_ 7043 dcnsc

2048

dense
1000

2048 2048

pooling

* 7 hidden layers, 650,000 neurons, 60,000,000 parameters
* Trained on 2 GPUs for a week



ImageNet Classification (2010 — 2015)

2010 2011



Examples

 From Clarifai.com

Predicted Tags:




Examples

 From Clarifai.com




Examples

 From Clarifai.com

Predicted Tags:




Using Features on Other Datasets

* Train model on ImageNet 2012 training set

e Re-train classifier on new dataset

— Just the top layer (softmax)

 (Classify test set of new dataset



Caltech 256

Zeiler & Fergus, Visualizing and Understanding Convolutional Networks, arXiv 1311.2901, 2013
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Caltech 256

Zeiler & Fergus, Visualizing and Understanding Convolutional Networks, arXiv 1311.2901, 2013
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The Details

* Operations in each layer
* Architecture
* Training

e Results



Components of Each Layer

Pixels / Filter with
Features learned dictionary 3 - = -
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 Convolution

— Filter is learned during training

— Same filter at each location




Filtering

e [.ocal

— Each unit layer above

look at local window

— But no weight tying

Filters

* E.g. face recognition




e Tiled

— Filters repeat every n

— More filters than
convolution for given
# features

Filters Feature maps



e Rectified linear function
— Applied per-pixel

— output = max(0,input)

Input feature map Output feature map

Black = negative;




Non-Linearity

e Other choices:

— Sigmoid: 1/(1+exp(-x))

[ Delving Deep into Rectifiers:
Surpassing Human-Level
Performance on ImageNet
Classification, Kaiming He et
al. arXiv:1502.01852v1.pdf,
Feb 2015 ]




Pooling

* Spatial Pooling

— Non-overlapping / overlapping regions

— Sum or max

— Boureau et al. ICMUL’10 for theoretical analysis




Pooling

* Pooling across feature groups

 Additional form of inter-feature competition

e MaxOut Networks [ Goodfellow et al. ICML 2013]
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Role of Pooling

* Spatial pooling

— Invariance to small transformations

— Larger receptive fields
(see more of input)

Visualization technique from

|Le et al. NIPS’10]:

Videos from: http://ai.stanford.edu/~quocle/TCNNweb




Components of Each Layer
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Normalization

 Contrast normalization across features

e See Divisive Normalization in Neuroscience

Filters




Normalization

* Contrast normalization (across feature maps)
— Local mean = 0, local std. = 1, “Local” 2 7x7 Gaussian

— Equalizes the features maps

Feature Maps
After Contrast Normalization

Feature Maps



Role of Feature Normalization

Introduces local competition between features
— “Explaining away~ in graphical models
—  Just like top-down models

— But more local mechanism

Also helps to scale activations at each layer better for learning

— Makes energy surface more isotropic

— So each gradient step makes more progress

Empirically, seems to help a bit (1-2%) on ImageNet

* Most recent models don’t seem to have use though



Normalization across Data

e Batch Normalization

[ Batch Normalization: Accelerating Deep Network Training by Reducing Internal

Covariate Shift, Sergey Ioffe, Christian Szegedy, arXiv:1502.03167]

Input: Values of = over a mini-batch: B = {z1._,};
Parameters to be learned: v, 3
Output: {yi = BN%/g (Lq)}

// mini-batch mean

// mini-batch variance

// normalize

// scale and shift

Yi < YZ; + B = BN, g(z;)

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

— = =Inception
BN-Baseline

BN—x30
-+ BN-x5-Sigmoid
€ Steps to match Inception

10M 15M 20M 25M 30M

Figure 2: Single crop validation accuracy of Inception
and its batch-normalized variants, vs. the number of
training steps.
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