Convolutional Neural Networks
(aka ConvNets, CNNSs)

C3:f. maps 168@ 1010

{1 feature maps 2401 1655
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er OUTPUT
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I
Full cmAeMnn | Gaussian connections

Convolutions Subsampling Corvalutions  Subsampling Full connection

[LeNet-5, LeCun 1998]

Alyosha Efros (guest lecturer)

Slides shamelessly borrowed from Karpathy, Ransato, Seitz, and Palmer



Neural Networks for Visual Data

input layer
hidden layer 1 hidden layer 2



Fully Connected Layer

Example: 200x200 image
40K hidden units

=) 2B parameters!!!

Spatial correlation is local
- Waste of resources + we have not enough

training samples anyway.. Ranza%o £



Single Cell Recording

_Microelectrode
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Single Cell Recording

© Stephen E. Palmer, 2002



Retinal Receptive Fields

Receptive field structure In
On-center Off-surround

Response

Time

Stimulus condition Electrical response
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Retinal Receptive Fields
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Retinal Receptive Fields

Receptive field structure Iin
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Retinal Receptive Fields
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Retinal Receptive Fields

Receptive field structure Iin
On-center Off-surround

Response I
Time

Stimulus condition Electrical response
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Retinal Receptive Fields

RF of On-center Off-surround cells

Neural Response Receptive Field Response Profile

Center
on-center

Firing
| LRI Rate /A
Surround e
| ”””l off-surround

4

On Off

Horizontal Position

© Stephen E. Palmer, 2002



Retinal Receptive Fields

RF of Off-center On-surround cells

Neural Response Receptive Field Response Profile
Surround Firing on-surround
| (I Rate | gm V+ Q
Center
| il T
On Off Horizontal Position
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Surround

Center

Surround

Receptors

Retinal Receptive Fields

Horizontal
cell

Bipolar cells

Retinal ganglion cells
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Dendro-dendritic synapse




Visual Cortex

Cortical Area V1

Parietal Dorsal _
visual Stream Striate
cortex * cortex

I
aka:
. . Thalamus SN .
Primary visual cortex SIS

Striate cortex
Brodman’'s area 17

/ / / \ Extrastriate
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visual
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Mapping from Retina to V1




Cortical Receptive Fields

Single-cell recording from V|sual cortex

David Hubel & Thorston Wiesel

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Single-cell recording from visual cortex

https://www.youtube.com/watch?v=I0OHayh06LJ4

© Stephen E. Palmer, 2002


https://www.youtube.com/watch?v=IOHayh06LJ4

Cortical Receptive Fields

Simple cells
Complex cells

Hypercomplex cells

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Simple Cells: “Line Detectors”

A. Light Line Detector B. Dark Line Detector
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Cortical Receptive Fields

Simple Cells: “Edge Detectors”

C. Dark-to-light Edge Detector D. Light-to-dark Edge Detector
+ +
+ +
+ +
+ +
+ +
+ +
+ +
-+ +
Firing A Firing A
Rate Rate
Horizontal Position Horizontal Position

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Constructing a line detector

Retina LGN ggg(i?’ll

Center-

Receptive Fields Surround
Cells

Simple Cell

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Complex Cells

STIMULUS NEURAL RESPONSE

o e

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Complex Cells

STIMULUS NEURAL RESPONSE

/600 | |

Time —

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Complex Cells

STIMULUS NEURAL RESPONSE

90° | Il

] ]
Time ——
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Cortical Receptive Fields

Complex Cells

STIMULUS NEURAL RESPONSE

1200 | ||
\ Time ——

© Stephen E. Palmer, 2002



Cortical Receptive Fields

Constructing a Complex Cell

Retina Cortical Area V1

Receptive Fields Simple Cells Complex Cell

© Stephen E. Palmer, 2002



Hubel & Weisel featural hierarchy
topographical mapping 2 (T highleve

hyner-complex /™,
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complexcells /7 h ::. mid level

E'iiﬂ'I[II|E cels




Modeling V1 in Computer Vision

Code for filter banks: www.robots.ox.ac.uk/~vgg/research/texclass/filters.html



Convolutional of Two Signals
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elementwise multiplication and
sum of a filter and the signal
(image)




Image filtering
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Image filtering
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Image filtering
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Image filtering
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Linear filters: examples
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Original Blur (with a mean
filter)

Source: D. Lowe



Practice with linear filters
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Original

Source: D. Lowe



Practice with linear filters

ellelle
OO
o100

Original Filtered
(no change)

Source: D. Lowe



Practice with linear filters

ellelle
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Original

Source: D. Lowe



Practice with linear filters
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Original Shifted left
By 1 pixel

Source: D. Lowe
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Can you match the texture to the response?

Mean abs responses



“sandwich” architecture (SCSCSC...)
" simple cells: modifiable parameters
MeanWh Ile e complex cells: perform pooling

Neurocognitron
[Fukushima 1980]

——————— visual area - >i\ association area —
lower ~order higher-order _ ,, ___grandmother

retina — LGB —simple — complex —= hypercomplex  hypercomplex cell ?

Fei-Fei Li & Andrej Karpathy Lecture 7 - 64 21 Jan 2015



A bit of history:

Gradient-based learning
applied to document
recognition

[LeCun, Bottou, Bengio, Haffner
1998]

2. f.
1111111

|
Full con r#ection | Gaussian connections
Subsampling Comvolutions u ing Full connection

LeNet-5

Fei-Fei Li & Andrej Karpathy

Viterbi Penalty

, 2
3
6 /G?\/\o
4

Tt | T:aer:s;ormer
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Viterbi
Path

Interpretation
Graph

Recognition
Transformer

Lecture 7 - 65

Segmentation
Graph

21 Jan 2015



Fully Connected Layer

Example: 200x200 image
40K hidden units

=) 2B parameters!!!

e

Spatial correlation is local
- Waste of resources + we have not enough
training samples anyway..




Locally Connected Layer

Example: 200x200 image
40K hidden units
Filter size: 10x10
4M parameters

Note: This parameterization is good when
Input image is registered (e.g., face recognjtion).

Ranzato n




LocaIIy Connected Layer
STATIONARITY’> Statistics is similar at

t o

Example: 200x200 image
. 40K hidden units
Filter size: 10x10
4M parameters

68
Ranzato n



Convolutional Layer

Share the same parameters across different
locations (assuming input is stationary):
Convolutions with learned kernels

A

,F -

: 69
. Ranzato n



Convolutional Layer




Convolutional Layer

A ANV




Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer




Convolutional Layer

E.g.: 200x200 image
100 Filters
Filter size: 10x10
10K parameters




before:

output layer
input
layer hidden layer

NOW.

Fei-Fei Li & Andrej Karpathy Lecture 7 - 87 21 Jan 2015



Convolution Layer

32x32x3 Image

32 height

32 width

3 depth

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Convolution Layer

32x32x3 Image

5x5x3 filter
32 7
I Convolve the filter with the image
i.e. “slide over the image spatially,

computing dot products”

32

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



CO nVOI UtiOn I—a-yer Filters always extend the full
/ depth of the input volume

32x32x3 Image /
5x5x3 filter
32 £/
I Convolve the filter with the image
i.e. “slide over the image spatially,

computing dot products”

32

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Convolution Layer

«— 32x32x3 image
5x5x3 filter w

¥~ 1 number;
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image
32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

3 wiz+b

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Convolution Layer

activation map

«— 32x32x3 image

5x5x3 filter /
=
28
@>@ >

convolve (slide) over all

spatial locations
32 28

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Convolution Layer consider a second, green filter

- 32x32x3 image activation maps

5x5x3 filter %
=
28
@>@ >

convolve (slide) over all

spatial locations
32 / 28

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



For example, if we had 6 5x5 filters, we’'ll get 6 separate activation maps:

activation maps

32

28

>
Convolution Layer

32 28
3 6

We stack these up to get a “new image” of size 28x28x6!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32 28

—>
CONYV,
RelLU
e.g. 6
5x5x3
filters

32 28

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Preview: ConvNet is a sequence of Convolutional Layers, interspersed with

activation f

32

32

unctions

—>
CONYV,
RelLU
e.g. 6
5x5x3
filters

28

28

—>
CONV,
RelLU
e.g. 10
5x5x6
filters

24

CONV,
RelLU

24

10

Lecture 7 - 27 Jan 2016

Fei-Fei Li & Andrej Karpathy & Justin Johnson



Preview [From recent Yann
LeCun slides]

Low-Level| |Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Preview . _ _ [From recent Yann
Low-Level| |Mid-Level| |[High-Level| | Trainable LeCun slides]
Feature Feature Feature Classifier
4 A LN

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Hubel & Weisel featural hierarchy
topographical mapping

complex cells

simplecells

lowy level

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016
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A closer look at spatial dimensions:

activation map

«— 32x32x3 image
5x5x3 filter

i ___ .

convolve (slide) over all
spatial locations

32 28

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



A closer look at spatial dimensions:

v

7X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



A closer look at spatial dimensions:

v
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A closer look at spatial dimensions:

v

7X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

v

7X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

v

7X7 input (spatially)
assume 3x3 filter

=> HXx5 output

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 2

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions:

v

/X7 input (spatially)
assume 3x3 filter
applied with stride 2
=> 3x3 output!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 37

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 37

7 doesn’t fit!
cannot apply 3x3 filter on
/X7 input with stride 3.

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Output size:
(N-F)/stride+1

eg.N=7,F=3:
stride1=>(7-3)/1+1=5
stride2=>(7-3)/2+1=3
stride 3=>(7-3)/3+1=2.33:\

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



n practice: Common to zero pad the border
019091919 e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
0
0

(recall:)

(N - F)/stride + 1

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



n practice: Common to zero pad the border

0/0]0|0]0]|O

e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
° /X7 output!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



010

0

0

0

0

n practice: Common to zero pad the border

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

/X7 output!
in general, common to see CONV layers with
stride 1, filters of size FxF, and zero-padding with
(F-1)/2. (will preserve size spatially)
e.g. F =3 =>zero pad with 1

F =5 =>zero pad with 2

F =7 =>zero pad with 3

Lecture 7 - 27 Jan 2016

Fei-Fei Li & Andrej Karpathy & Justin Johnson



Remember back to...
E.g. 32x32 input convolved repeatedly with 5x5 filters shrinks volumes spatially!

(32 -> 28 -> 24 ...). Shrinking too fast is not good, doesn’t work well.

32 28 24
— — —
CONV, CONV, CONV,
RelLU RelLU RelLU
e.g. 6 e.g. 10
5x5x3 5x5x6
32 filters 28 filters 24

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Examples time: / /

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 _/

Output volume size: ?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Examples time: / /

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 _/

Output volume size:
(32+2*2-5)/1+1 = 32 spatially, so
32x32x10

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Examples time: / /

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 _/

Number of parameters in this layer?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Examples time: / /

Input volume: 32x32x
10 5x5 filters with stride 1, pad 2 _/

Number of parameters in this layer?
each filter has 5*5*3 + 1 = 76 params  (+1 for bias)
=> 76*10 = 760

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Summary. To summarize, the Conv Layer:

 Accepts a volume of size W; x Hy x D,
» Requires four hyperparameters:
o Number of filters K,
o their spatial extent F,
o the stride S,
o the amount of zero padding P.
 Produces a volume of size Wy x Hy x Dy where:
o Wo=(W; —F+2P)/S+1
o Hy = (Hy — F +2P)/S + 1 (i.e. width and height are computed equally by symmetry)
° D2 =K
« With parameter sharing, it introduces F' - F' - Dy weights per filter, for a total of (F' - F' - Dy ) - K weights
and K biases.
« In the output volume, the d-th depth slice (of size W5 x Hs) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of .S, and then offset by d-th bias.

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Common settings:

Summary. To summarize, the Conv Layer:

2,64, 128, 512)

» Accepts a volume of size W x Hy x Dy
» Requires four hyperparameters:

F
: F
o Number of filters K,
F
F

o their spatial extent F, (Whatever fItS)

o the stride S, -
o the amount of zero padding P.
 Produces a volume of size Wy x Hy x Dy where:
o Wo=(W; —F+2P)/S+1
o Hy = (Hy — F +2P)/S + 1 (i.e. width and height are computed equally by symmetry)
° D2 =K
« With parameter sharing, it introduces F' - F' - Dy weights per filter, for a total of (F' - F' - Dy ) - K weights
and K biases.
« In the output volume, the d-th depth slice (of size W5 x Hs) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of .S, and then offset by d-th bias.

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




(btw, 1x1 convolution layers make perfect sense)

1x1 CONV

56 with 32 filters
>

(each filter has size
1x1x64, and performs a
64-dimensional dot

56 product)

56

56

64 32

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



The brain/neuron view of CONV Layer

«— 32x32x3 Image
5x5x3 filter

1 number:

32 the result of taking a dot product between
the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot prodjct)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



The brain/neuron view of CONV Layer

«— 32x32x3 image <L .. -

5x5x3 filter o
‘V cell body
1 number:
32 the result of taking a dot product between

Zwimi+b
the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot prodjct)

output axon

activation
function

It's just a neuron with local
connectivity...

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



The brain/neuron view of CONV Layer

» /]

\O 28 An activation map is a 28x28 sheet of neuron
_— | outputs:

1. Each is connected to a small region in the input
2. All of them share parameters

32 AS “5x5 filter” -> “5x5 receptive field for each neuron”

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



The brain/neuron view of CONV Layer

32

7 28 E.g. with 5 filters,_

Il O O O O () CONYV layer consists of
neurons arranged in a 3D grid
(28x28x5)

There will be 5 different
32 28 neurons all looking at the same
3 = region in the input volume

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Pooling Layer

Let us assume filter is an “eye” detector.

Q.: how can we make the detection robust to the
exact location of the eye?

{ N o N
N @ \ |
] AN \

127
Ranzato




Pooling Layer

By “pooling” (e.g., taking max) filter

responses at different locations we gain
robustness to the exact spatial location
of features.

128
Ranzato




Pooling layer
- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64
112x112x64

pool

—

|

s 112
downsampling
112

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



MAX POOLING

Single depth slice

Jl1|1]2]4
max pool with 2x2 filters
5|16 |7 |8 and stride 2 6 | 8
>
312|110 3| 4
1 12| 3] 4

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



ConvNets: Typical Stage
One stage (zoom

courtesy of

L5 Rectification
Filter Bank Contrast Pooling
Normalization
K. Kavukcuoglu Ranzato n



[ConvNetJS demo: training on CIFAR-10]

http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016


http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

Case Study: LeNet-5

[LeCun et al., 1998]

C3: 1. maps 16@10x10
INFUT C1: feature maps 54 1. maps 16@5x5
232 @

F&: lﬂ'ﬁl‘ﬂr OUTPUT
B4 10

I
| Full C!‘.‘H"ITII-EETJ'EII"I | Gaussian connections

Convolutions Subsampling Comvolutions  Subsampling Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
I.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Handwritten digit classification

-
-
-
-
~
-—
-

r}
=
)

[Courtesy of Yann LeCun] Andrew Ng



Case Study: AlexNet

[Krizhevsky et al. 2012]

128 Max |
pooling  2%¢

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4
=>
Q: what is the output volume size? Hint: (227-11)/4+1 =55

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Case Study: AlexNet

[Krizhevsky et al. 2012]

128 Max |
pooling  2%¢

Input: 227x227x3 images
First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Q: What is the total number of parameters in this layer?
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Parameters: (11*11*3)*96 = 35K

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Case Study: AlexNet

[Krizhevsky et al. 2012]

L w [

128 Max
pooling  ~

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2

Q: what is the output volume size? Hint: (55-3)/2+1 = 27

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Case Study: AlexNet

[Krizhevsky et al. 2012]

L w [

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96

Q: what is the number of parameters in this layer?
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Case Study: AlexNet

[Krizhevsky et al. 2012]

L w [

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96
Parameters: 0!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Case Study: AlexNet

[Krizhevsky et al. 2012]

128 Max |
pooling  2%¢

Input: 227x227x3 images
After CONV1: 55x55x96
After POOL1: 27x27x96

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Case Study: AlexNet

[Krizhevsky et al. 2012]

107 128 204¢ 2048 dense
i35, \ 13
T e T

13 dense dense|

1000

192 128 Max

Max 128 Max pooling
pooling pooling

Full (simplified) AlexNet architecture:
[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOLZ2: 3x3 filters at stride 2
[13x13x256] NORMZ2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Al
128 204¢ zoas \dense
\ 13
...... o e

13 dense dense|

1000

128 Max
Max 128 Max pooling
pooling pooling

204 2048

Full (simplified) AlexNet architecture:
[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOLZ2: 3x3 filters at stride 2
[13x13x256] NORMZ2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate le-2, reduced by 10
manually when val accuracy plateaus
- L2 weight decay 5e-4

- 7 CNN ensemble: 18.2% -> 15.4%
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“You need a lot of a data if you want to
train/fluse CNNs”
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Transfer Learning

dat

O

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016

“You need alo want to

tron




The Unreasonable Effectiveness of Deep Features

dog bird |nvertebrate vehicle good, covering building
commodity

Low-level: Pool4 i High-level: FCs
Classes separate in the deep representations and transfer to many tasks.

DeCAF] [Zeiler-Ferqus
Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Can be used as a generic feature
("CNN code™ = 4096-D vector before classifier)

. By
V" e Py S

query image nearest neighbors in the “code” space

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016



Transfer Learning with CNNs

| image |

conv-64

1. Train on
Imagenet

conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax
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Transfer Learning with CNNs

| image |

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax

1. Train on
Imagenet

| image |

conv-64
conv-64
maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096

2. If small dataset: fix
all weights (treat CNN
as fixed feature
extractor), retrain only
the classifier

I.e. swap the Softmax
layer at the end

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 7 -

27 Jan 2016




Transfer Learning with CNNs

~me | 1 Train on ~ime 5 If small dataset: fix ~imee| 3 If you have medium sized
conv-64 conv-64 . conv-64 17 H LH]
womes  IMagenet s all weights (treat CNN — dataset, “finetune”
— e as fixed feature e instead: use the old weights
conv-128 conv-128 extractor), retrain only conv-128 as initialization, train the full
conv-128 conv-128 the classifier conv-128 network or only some of the
maxpool maxpool maxpool h| ghel‘ I ayers
conv-256 conv-256 . th S f t conv-256
conv-256 conv-256 l.€. Swap € ortmax conv-256 . . .
maxpool maxpool Iayer at the end maxpool retrain blgger portlon of the
— T T network, or even all of it.
conv-512 conv-512 conv-512
maxpool maxpool maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool
FC-4096 FC-4096 FC-4096
FC-4096 FC-4096 FC-4096
FC-1000 FC-1000
softmax softmax
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Transfer Learning with CNNs

~me | 1 Train on ~ime 5 If small dataset: fix ~imee| 3 If you have medium sized
conv-64 conv-64 . conv-64 17 H ”
womes  IMagenet s all weights (treat CNN — dataset, “finetune”
— e as fixed feature e instead: use the old weights
conv-128 conv-128 extractor), retrain only conv-128 as initialization, train the full
conv-128 conv-128 the classifier conv-128 network or only some of the
maxpool maxpool maxpool h| ghel‘ I ayers
conv-256 conv-256 . th S f t conv-256
conv-256 conv-256 l.e. Swap € ormax conv-256 . . .
maxpool maxpool Iayer at the end maxpool retrain blgger portlon of the
— T e network, or even all of it.
conv-512 conv-512 conv-512
maxpool maxpool maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool t|p use Only ~1/10th Of
FC-4096 EC-A096 FC-4096 the original learning rate
FC-4096 FC-4096 FC-4096 . . .
o e in finetuning to player,
softmax softmax and ~1/100th on

intermediate layers
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ConvNet Confi gﬁration

A A-LRN B C D E
C t d . VG G N t 11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
a_S e : ; u y . e layers layers layers layers layers layers
. . mput (224 x 224 RGB 1magg)
[S|m0nyan and Z|Sserman’ 2014] 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
Only 3X3 CONV Strlde 1, pad 1 conv3-128 | conv3-128 fI conv3-128 J conv3-128
. maxpool
and 2X2 MAX POO L Strlde 2 conv3-256 | conv3-256 | conv3-256 | conv3-256 j| conv3-256 [ conv3-256

conv3-256 | conv3-256 | conv3-256 | cony conv3-256 W conv3-256

|_—[ conv1-256 |} 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 j| conv3-512 [ conv3-512
convl-512 | conv3-512 J§ conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 j| conv3-512 [ conv3-512

beSt m0d6| conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 [ conv3-512
convl-512 | conv3-512 J conv3-512

conv3-512

maxpool
FC-4096
FC-4096

11.2% top 5 error in ILSVRC 2013 FC-1000

soft-max
->
Table 2: Number of parameters (in millions).

7.3% top 5 error Network AAIRN] B[ C [ D | E

Number of parameters 133 133 | 134 | 138 | 144

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




(not counting biases)

INPUT: [224Xx224X3] memory: 224*224*3=150K params: O

ConvNet Confi g'uration

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 B C D —
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 13 weight | 16 weight [[ 16 weight | 19
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 layers layers layers
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 P‘;‘oﬁz 224 iﬁgjaag 1
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456  convied | comvsca I comvaca | o
POOL2: [56x56x128] memory: 56*56*128=400K params: 0 maxpool
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 conv3-128 T~ conv3-128 "l conv3-128 [ co
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 °°“V3"fnsaxp(f(‘jl“"3"28 conv3-128 § co
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 om3356 T conv3356 Teomvi256 1o
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 conv3-256 | conv3-256 [f conv3-256 | co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 convi-256 §eony3-256 |-co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 T =
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296  Tom3-312 | com3-312 [fcom3-312 | co
POOL2: [14x14x512] memory: 14*14*512=100K params: 0 conv3-512 | conv3-512 fi conv3-512 § co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 convi-S12 fj comv3-S12 | co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 Haxpo0l
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296  conv3-312 | conv3-312 [fconv3-312 | co
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 R zg:‘l‘vigig z‘;z“’;gg o
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 o
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 maxpool
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 Egjggg

FC-1000

soft-max
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(not counting biases)

INPUT: [224Xx224X3] memory: 224*224*3=150K params: O

ConvNet Confi g'uration

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 B C D —
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 13 weight | 16 weight [[ 16 weight | 19
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 layers layers layers
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 P‘;‘oﬁz 224 iﬁgjaag 1
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456  conv3-64 | comvacd Il coms.6 | o
POOL2: [56x56x128] memory: 56*56*128=400K params: 0 maxpool
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 conv3-128 T conv3-128 "l conv3-128 1 co
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 °°“V3"fnsaxp(f(‘jl“"3"28 conv3-128 § co
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 onv3356 T com3356 eom3356 T oo
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 conv3-256 | conv3-256 [f conv3-256 | co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 convi-256 §eony3-256 |-co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 T =
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296  conv3-312 | conv3-312 Jjcom3-312 | co
POOL2: [14x14x512] memory: 14*14*512=100K params: 0 conv3-512 | conv3-512 fi conv3-512 § co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 convi-S12 fj comv3-S12 | co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 )
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296  conv3-312 | conv3-312 [fconv3-312 | co
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 R zg:‘l‘vigig z‘;z“’;gg o
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 o
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 maxpool
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 Egjggg
TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd) FCﬂ-lOOO

Sort-max

TOTAL params: 138M parameters
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INPUT: [224x224x3]  memory: 224*224*3=150K params:0 (Ot counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 Note:

CONV3-64: [224x224x64] memory: 224*224*64=3.2M . (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K pah I
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 Most memory is In
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 early CONV

POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: 0 Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 in late EC
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters
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Case Study: GooglLeNet

Filter
concatenation

ﬂ\

1x1 convolutions

3x3 convolutions

1x1 convolutions

4

Q‘tions

i

Previous layer

[}

3x3 max pooling

[Szegedy et al., 2014]

Inception module

ILSVRC 2014 winner (6.7% top 5 error)

Lecture 7 -

27 Jan 2016
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Case Study: GooglLeNet

type pa::::neze/ on;it:eut depth #1x1 i:j:(: #3x3 ﬁz:cf #5%5 g::: params ops

convolution TXT/2 112x112x64 1 27K 34M
max pool 3x3/2 56 X 56 x 64 0

convolution 3x3/1 56 xX56x 192 2 64 192 112K 360M
max pool 3x3/2 28 X 28x 192 0

inception (3a) 28 X28 % 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28 x 28 x 480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 14 x14x 480 0

inception (4a) 14x14x 512 2 192 96 208 16 48 64 364K 73M
inception (4b) 14x14x 512 2 160 112 224 24 64 64 437K 88M
inception (4¢) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x 528 2 112 144 288 32 64 64 580K 119M
inception (4e) 14X 14x 832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 7XT7x832 0

inception (5a) 7XT7x832 2 256 160 320 32 128 128 1072K 54M
inception (5b) TxTx1024 2 384 192 384 48 128 128 1388K 7IM
avg pool TXT7/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x1000 1 1000K IM

softmax 1x1x1000 0

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 7 -

Fun features:

- Only 5 million params!
(Removes FC layers
completely)

Compared to AlexNet:
12X less params

2X more compute
6.67% (vs. 16.4%)

27 Jan 2016




Case Study: ResNet [Heetal, 2015]

ILSVRC 2015 winner (3.6% top 5 error)

Research

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

*improvements are relative numbers

ZICCV

Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015

Slide from Kaiming He’s recent presentation https://www.youtube.com/watch?v=1PGL|-uKT1w

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016
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Research
Revolution of Depth 282
s 25.8
152 layers
A
\
\
\
\
\
\
\
{ 22 layers | ‘ 19 Iayers ‘
\ 6.7
3 57 I_ I ‘ 8 layers ‘ 8 layers shallow
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet
ICCV ImageNet Classification top-5 error (%)
/‘b
Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015.

(slide from Kaiming He’s recent presentation)

Lecture 7 -
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CIFAR-10 experiments

error (%)

CIFAR-10 plain nets

20r—
10F
3 plain-2(}
plain-32
= plain-44
" plain-5§
00 1

‘gf' 56-layer

44-layer
P

— 32-layer

-~ == 20-layer

solid: test
2 3 ) s 6 dashed: train
iter. (led)

CIFAR-10 ResNets

~ResNet-20
ResNet-32

“ResNet-44
“=ResNet-56
=ResNet-110

20-layer
32-layer
44-layer

56-layer
110-layer

Fei-Fei Li & Andrej Karpathy & Justin Johnson

iter. (led)
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Case Study: ResNet [Heetal, 2015]

ILSVRC 2015 winner (3.6% top 5 error)

, Researchl 5_3 \weeks of training
Revolution of Depth on 8 GPU machine

AlexNet, 8 layers % VGG, 19 layers % ResNet, 152 layers

(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
at runtime: faster
than a VGGNet!
(even though it has
8x more layers)

=ICCV

(slide from Kaiming He’s recent presentation)
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34-layer plain 34-layer residual

Case Study:
ResN et 224x224x3

[He et al., 2015] spatial dimension

|
[ ST | [ e 6“'/Zl/' Only 56x56!
v v
pool, /2 pool, /2
\

| 3x3 conv, 64 I | 3x3 conv, 64
\4 \ 4
I 3x3 conv, 64 ] I 3x3 conv, 64
\ 4
| 3x3 conv, 64 | | 3x3 conv, 64
| 3x3 conv, 64 l I 3x3 conv, 64
\ 4
[ 3x3 conv, 64 ] I 3x3 conv, 64
\4 \ 4
l 3x3 conv, 64 I I 3x3 conv, 64
| 2 reel
| 3x3conv,128,/2 | | 3x3conv,128,2 |
\ 4 \ 4 Y
| 3x3conv, 128 | |  3x3conv,128 | .
¥ e
[ 3x3 conv, 128 I I 3x3 conv, 128
\ \ 4
[ 3x3 conv, 128 | | 3x3 conv, 128
v
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Case Study: ResNet  [Heetal 2015)

* Plaint net * Residual net
X
"

weight layer weight layer

any two > . -
stacked layers v relu F(X) l relu identity
weight layer weight layer X
relu
H(x) Y H(x) =F(x) +x
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Case Study: ResNet  Heetal. 2015

- Batch Normalization after every CONV layer

- Xavier/2 initialization from He et al.

- SGD + Momentum (0.9)

- Learning rate: 0.1, divided by 10 when validation error plateaus
- Mini-batch size 256

- Weight decay of 1e-5

- No dropout used
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Case Study: ResNet

relu

all-3x3

[He et al., 2015]

256-d

h 4
[ 1x1, 64 |
l relu
[ 3x3, 64 |
l relu

[ 1x1, 256 |

similar
complexity
|

bottleneck
(for ResNet-50/101/152)
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Case Study: ResNet  [Heetal 2015)

256-d

Filter
concatenation
Y
[ 1x1, 64 ) e
i relu 3x3 convolutions 5x5 convolutions 1x1 convolutions
[ 3X3’ 64 ] 1x1 convolutions [} [} [}
l relu
1x1 convolutions 1x1 convolutions 3x3 max pooling
|  1x1,256
P

Previous layer

/

(this trick is also used in GoogLeNet)
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o
Case Study: ResNet ™Heetal. 2019

........... layer name | output size 18-layer I 34-layer | 50-layer | 101-layer 152-layer
____________ convl 112x112 7x7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 ] [ Ix1. 64 ] 1x1.64 ]
6 . * ]
X | 262 [ gxg’z ]xz [ ;xi’gj ]x3 3x3,64 |x3 3x3,64 |x3 3x3,64 |x3
_________ 52 s | 1x1,256 | | 1x1,256 | | 1x1,256 |
} - . - . [ 1x1,128 ] [ 1x1,128 1561128
........... i ’) * L] )
conv3x | 28x28 g)’zg gg x2 g:; i;g x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3,128 | x8
Shitciain’ R | 151,512 | | 1501512 | | 1set, 512 |
- - - . 1x1,256 1x1,256 | 1x1,256 ]
conv4_x 14x14 gi; 322 x2 ;2; 322 x6 3x3,256 | x6 3x3,256 |x23 3x3,256 | x36
. . . = ¢ . | 1x1,1024 | 1x1,1024 | 1x1,1024 |
- . - . 151,812 7 1x1,512 1x1,512
------------- convs_x 7x7 giggi; x2 ;:ggg 53 3x3,512 | x3 3x3,512 | x3 3x3,512 | x3
,,,,,,,,,,,, - y . - : . | 1x1,2048 | 1x1,2048 1x1, 2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° | 3.6x10° | 3.8x10° | 7.6x10° | 11.3x 10"

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 2016




Case Study Bonus: DeepMind’s AlphaGo

a Value network b Tree evaluation from valuenet € Tree evaluation from rollouts
.............. /I\ J\q
D00 2 + DO+ P
o [ ¥ 1 e ° ST e

® |4
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.8 ®
]
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The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x § with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves K filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k=128, 256 and 384 filters.

policy network:

[19x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)
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Summary

- ConvNets stack CONV,POOL,FC layers

- Trend towards smaller filters and deeper architectures

- Trend towards getting rid of POOL/FC layers (just CONV)

- Typical architectures look like
[(CONV-RELU)*N-POOL?]*M-(FC-RELU)*K,SOFTMAX
where N is usually up to ~5, M is large, 0 <= K <= 2.
- but recent advances such as ResNet/GoogLeNet

challenge this paradigm
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