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How

Convolutional Neural Networks
Work




A toy ConvNet: Xs and O's

Says whether a picture is of an X or an O
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il — CNN
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For example
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Trickier cases
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Deciding is hard
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What computers see
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What computers see
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Computers are literal
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Features match pieces of the image
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Filtering: The math behind the match
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Filtering: The math behind the match

Line up the feature and the image patch.

. Multiply each image pixel by the corresponding
feature pixel.

. Add them up.
. Divide by the total number of pixels in the feature.
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
1 1@t

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Filtering: The math behind the match
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Filtering: The math behind the match
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Convolution: Trying every possible match
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Convolution: Trying every possible match
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Convolution layer
One image becomes a stack of filtered images

B-umm-a
| -
-] 2

Eo-m-on

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Convolution layer
One image becomes a stack of filtered images
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Pooling: Shrinking the image stack

1. Pick a window size (usually 2 or 3).
2. Pick a stride (usually 2).
3. Walk your window across your filtered images.

4. From each window, take the maximum value.

Aditya Nigam (SCEE, IIT-Mandi) andi.ac.in Lecture, February - May, 2019



Pooling

maximum
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Pooling

maximum
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Pooling

maximum
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Pooling

maximum
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Pooling

maximum

1.33 SO -0.11

-0.33 -0.33 ﬁ
e 0.3 011 il
0.11 [0aL 011 ﬁ 0.11 0.11
0.11 ﬂ 011 -0.11

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Pooling
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Pooling layer
A stack of images becomes a stack of smaller images.
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Normalization

Keep the math from breaking by tweaking each of the
values just a bit.

Change everything negative to zero.
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Rectified Linear Units (ReLUs)
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Rectified Linear Units (ReLUs)
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Rectified Linear Units (ReLUs)
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Rectified Linear Units (ReLUs)
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ReLU layer

A stack of images becomes a stack of images with no
negative values.
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Layers get stacked

The output of one becomes the input of the next.
L

&
9
=
=
[s}
=
£
Q
U

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Deep stacking
Layers can be repeated several (or many) times.
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Fully connected layer
Every value gets a vote
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Fully connected layer
Future values vote on X or O
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Fully connected layer
A list of feature values becomes a list of votes.
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Fully connected layer
These can also be stacked.
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Putting it all together
A set of pixels becomes a set of votes.

Convolution
Convolution
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Learning

Q: Where do all the magic numbers come from?
Features in convolutional layers
Voting weights in fully connected layers

A: Backpropagation
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Gradient descent

For each feature pixel
and voting weight,
adjust it up and down

a bit and see how the
error changes.
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Hyperparameters (knobs)

Convolution
Number of features
Size of features

Pooling
Window size
Window stride

Fully Connected
Number of neurons
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Why convolution?

MNIST dataset: 28 x28 pixels (784 pixels)
First layer weights: ~78k parameters
Typical Image: 256 x 256 (56,000 pixels)

First layer weights: 560k parameters !

Too many parameters, unscalable to real images
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Why convolution?
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Why convolution?
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Slide

Why convolution?

1-d corvolution with
(™ Hidcen « filters: 1

A W A

- filter size: 2
« giride: 2

1-d convalution with
s filters: 1

+ filter size: 2

+ stricle: 1

Aditya Nigam (SCEE, IIT-Mandi)

aditya@iitmandi.ac.in

Lecture, February - May, 2019



Slide

Why convolution?

1-d convalution with

1-d convalution with
s filters: 1
+ filter size: 2
+ strice: 1

Input
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* siride: 2 @

_—v

Aditya Nigam (SCEE, IIT-Mandi)

aditya@iitmandi.ac.in

Lecture, February - May, 2019



ixL
© -

A\ Hidden 1-d convaolution with
L ,-*“-\;hfii_‘ & filters: 2
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+ padding: 1
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Slide

/

1-d corvalution with
+ filters: 2

- filter size: 2

« stride: 2

+ padding: 1

T

'\.\# filters (M)

depends on stride
and padaing!
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2-D convolution

(1, W) #filters

—— ¥ units ()

#units (H)
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# filters
—— « #unis (IF)

X

— #units (H)
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Slide

2-D convolution
HxW #ilters

b

W f=(wh)
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2-D convolution
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Sidebar: 3-D convolution
HxWxT

— _ #units (#)
N \ e

- # units (H)

A

# filters
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2-D Convolution

HxWxC # filtars
: — it units (W)
T\ = ™
N
=¥ # units ()
~h

W h=wh0)
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2-D Convolution

HxWxC # filtars
. — # units (W)
N
= # units ()
b |
Q|

fi=(wh()
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2-D Convolution

HxWxC # filtars
— it units (W)
.
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Pooling

224 x 224 x 3 224 % 224 X 64

R
N
B
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Pooling

224 x 224 x 3 224 % 224 X 64

'\__. R
N
k. 112 x 112 x 64
= A
\'\_ O
N conv pool ™ A
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Pooling
224 %2243 224%224 X 64 AR
3 ) = 8
N A B RN
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N > B l
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Example model: VGG Model

+ Conv layers (3x3 filter with stride 1 and pad 1)
+ Poal layers (2x2 max pooling with stride 2 and pad 0)
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Example model: VGG Model

+ Conv layers (3x3 filter with stride 1 and pad 1)
+ Poal layers (2x2 max pooling with stride 2 and pad 0)

4x4 image
ojojojofof0
0j1]5]|3]|8]0

o |
I
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Example model: VGG Model

+ Conv layers (3x3 filter with stride 1 and pad 1)
+ Poal layers (2x2 max pooling with stride 2 and pad 0)

4x4 image 4x4xN output
z ; )
oflofofloflofo 4
o|1|s5|z]9]|0 f i
424 33| 24
i s (R
—_— |27 41|42 2
0l6]7([5]|6(0 =B -
cony 3|3z |35 |z7
oflsfslaf1]o
24 |32 |27 | 18
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Example model: VGG Model

+ Conv layers (3x3 filter with stride 1 and pad 1)
+ Poal layers (2x2 max pooling with stride 2 and pad 0)

4x4 image Ax4xN output 2x2xN output

ololo|olalo y >
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So what does it learn?

First conv layer weights
“l=] | | A
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Convolution Layer

32x32x3 image

4

32
3 depth

32 height

width
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Convolution Layer

32x32x3 image

/ 5x5x3 filter

32 £/
I Convolve the filter with the image
i.e. “slide over the image spatially,
computing dot products”

32

o
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ConVOIUtlon I—ayer Filters always extend the full

e meemem 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

|
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Convolution Layer

__— 32x32x3 image

/ 5x5x3 filter w
L2

"~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

wliz+b

32

|
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Convolution Layer

4
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32
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32x32x3 image
5x5x3 filter

convolve (slide) over all
spatial locations
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Convolution Layer

4
I

32

|
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consider a second, green filter

__— 32x32x3 image

32

5x5x3 filter

convolve (slide) over all
spatial locations
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For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

/ %2
Convolution Layer
A 28

3 6

activation maps

28

We stack these up to get a “new image” of size 28x28x6!
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Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

i
.

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

A A A

CONV, CONV, CONV,
RelLU RelLU RelLU

e.g.6 e.g. 10
5x5x3 5x5x6
32 filters L] 28 filters || 24

@ |
o
o
o
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Preview [From recent Yann
LeCun slides]

Low-Level| |Mid-Level| |High-Level Trainable
L . -
Feature Feature Feature Classifier
" .

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
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Fo N NN AN HESESOAERTRNEREERSG

=
one filter => .
one activation map example 5x5 filters
(32 total)

We call the layer convolutional
because it is related to convolution
of two signals:

fleylegleg] = XY flan]-glv—n.y—n]

ny=—eo ity =—co T

elementwise multiplication and sum of
a filter and the signal (image)
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preview:

RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVJ

}
]
=

'
=
=

2
=
=
=
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A closer look at spatial dimensions:

activation map

__— 32x32x3 image

/ 5x5x3 filter
2=

convolve (slide) over all
spatial locations

28

32 28

|
-
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A closer look at spatial dimensions:

7

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

7

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

7

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

7

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

7

7X7 input (spatially)
assume 3x3 filter

=> 5x5 output
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions:

7
7X7 input (spatially)

assume 3x3 filter
applied with stride 2
=> 3x3 output!
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
applied with stride 37?

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



A closer look at spatial dimensions:

7
7X7 input (spatially)

assume 3x3 filter
applied with stride 37?

7 doesn’t fit!
cannot apply 3x3 filter on
7x7 input with stride 3.
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Output size:
(N - F) / stride + 1

N eg.N=7,F=3:

F stride 1=>(7-3)/1+1=5
stride2=>(7-3)/2+1=3
stride 3=>(7-3)/3+1=2.33:\
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In practice: Common to zero pad the border

0|0f0|0|O

0
0
0
0
0

Aditya Nigam (SCEE, IIT-Mandi)

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

(recall:)
(N - F)/ stride + 1
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In practice: Common to zero pad the border

ojojojoje e.g. input 7x7

0

0 3x3 filter, applied with stride 1

0 pad with 1 pixel border => what is the output?
0

0

7x7 output!
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In practice: Common to zero pad the border

0|0f0|0|O

0
0
0
0
0

Aditya Nigam (SCEE, IIT-Mandi)

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

7x7 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
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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.

A A A

CONYV, CONV, CONYV,
RelLU RelLU ReLU
e.g.6 e.g. 10
5x5x3 5x5x6

L] 32 filters L] 28 filters 24

3 6 10
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Examples time:

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

Output volume size: ?

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in
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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
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Examples time:

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

Number of parameters in this layer?
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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  (+1for bias)
=> 7610 = 760
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Summary. To summarize, the Conv Layer:

Accepts a volume of size Wi x Hy x Dy
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)/5+1
o Hy = (H; — F +2P)/S8 + 1 (i.e width and height are computed equally by symmetry)
o 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 Wy x Hy) is the result of performing a valid convolution
of the d-th filter aver the input volume with a stride of S, and then offset by d-th bias.
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Summary. To summarize, the Conv Layer:

Requires four hyperparameters:

Common settings:

K = (powers of 2, e.g. 32, 64, 128, 512)

o

o

o

o

* Accepts a volume of size Wi x Hy x Dy - F=3.S=1.P=1

Number of filters K,

their spatial extent F',

the stride S,

the amount of zero padding P.

F=5S8=1P
- F=5,8=2,P =7 (whatever fits)
F=1,8S=1,P

Produces a volume of size Wy x Hy x Dy where:
o Wo=(W; —F+2P)/5+1
o Hy = (H; — F +2P)/S8 + 1 (i.e width and height are computed equally by symmetry)

o

D, =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 Wy x Hy) is the result of performing a valid convolution
of the d-th filter aver the input volume with a stride of S, and then offset by d-th bias.

Aditya Nigam (SCEE, IIT-Mandi)
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Case Study: LeNet-5

[LeCun et al., 1998]

Ca: . maps 16@10x10
54:1. maps 16@5x5

C1: feature maps
INPUT @2
3232 S2 1. maps
B@14x14

|
| Fu!lcmrjuem:on ‘ Gaussian conneclions
Convolutions Subsampling Corwolutions  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]
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Case Study: AlexNet

[Krizhevsky et al. 2012]

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
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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]

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
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

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

Q: what is the output volume size? Hint: (65-3)/2+1 = 27
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Case Study: AlexNet

[Krizhevsky et al. 2012]

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]

Input: 227x227x3 images
After CONV1: 55x55x96

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

Output volume: 27x27x96
Parameters: 0!
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Case Study: AlexNet

[Krizhevsky et al. 2012]

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

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture: \
[227x227x3] INPUT ot
[65x55x96] CONV1: 96 11x11 filters at stride 4, pad
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] FC6: 4096 neurons

[4096] FC7: 4096 neurons

[1000] FC8: 1000 neurons (class scores)
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture: \ -l
[227x227x3] INPUT ;)“" ooking
[65x55x96] CONV1: 96 11x11 filters at stride 4, pad
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

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 1e-2, reduced by 10
manually when val accuracy plateaus

- L2 weight decay 5e-4

{jggg} B jggg :Zﬂ:g:i -7 CNN ensemble: 18.2% -> 15.4%
[1000] FC8: 1000 neurons (class scores)
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Case Study ZFNet [Zeiler and Fergus, 2013]

26 13 13 13

image size 224 110
filter size 7 13
" ‘ 5 VIH 384 | W1 \3‘54 7\2456
fstride 2 96 3x3 max c
:;?J:;X pool| (2”‘"3‘ pool 4096 4096 class
— . stricle:2 units| | units| | softmax
3 55 l 3
Input Image ~ G % £t
Layer 1 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
AlexNet but:
CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512
> 14.8%

ImageNet top 5 error: 15.4% -

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in
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ConvNet C
A [ ARN [ B [ C D E

. 11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
ase uay: e lyes | layers | loyens | layers | layers B tayers

Tnput (224 < 224 RGB ima;

[Simonyan and Zisserman, 2014] Com3-64 | collj\i:‘(x-t conv;::: conv;-g: com‘i-z conv;-g:
cony’ conv3-64 | conv3-64 || conv-
‘maxpool

conv3-128 I conv3-128 | conv3-128
conv3-128 § conv3-128 || conv3-128

Only 3x3 CONV stride 1, pad 1 iial I L=

Traxpool

and 2x2 MAX POOL stride 2 COmV3-256 | conv3-256 | comv3-256 | conv3236 | comv3-256 || comv3-256
conv3-256 | conv3-256 | conv3-256 | com conv3-256 || conv3-256
fnvjlj;: conv3-256  conv3-256
conv3-256
maxpool

conv3-512 | conv3-512 | conv3-512 | conv3-512 ff conv3-512 Jf conv3-512
conv3-512 [ conv3-512 | conv3-512 [ conv3-512 f conv3-512 J conv3-512
convl-512 { conv3-512 § conv3-512
conv3-512

ool
conv3-312 | conv3-312 | conv3-312 | conv3-512 | conv3-312 || conv3-312

3-512 v3-512 v3-512 3-512 12 3-512
best model naal |ed | Heel | S e =k

conv3-512

maxpool
FC-4096
FC-4096

11.2% top 5 error in ILSVRC 2013 e

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

7.3% top 5 error [Network TAALRN [ B [ C [ D

E ]
[umber o | 133 | 135 | 134 | 138 [ 144 |
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INPUT: [224x224x3] ~ memory: 224*224*3=150K params: 0 (not counting biases)

ConvNet Ci
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 —— = =
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  PuL(221 x 22T RGB imag

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 Cow~%3 | com>tw [l conirn | cc
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 onv3-128 | com3-128 [Jcom3-128 | o
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 COyI-AZE °°1""3'128 Soivac128) Jca
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 T e e s
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 conv3-256 | conv3-256 [l conva-256 | co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 conv1-256 || conv3-256 | co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 — L
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 o ST oS oo 16
POOL2: [14x14x512] memory: 14*14*512=100K params: 0 conv3-512 | conv3-512 [f conv3-512 f co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 convi-512 [§conv3-S12 | co

co

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 el
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 Comv3-312 | com3-312 [fcom3-312 || co

POOL2: [7x7x512] memory: 7*7*512=25K params: 0 conv3-512 | conv3-512 ff conv3-512 f co
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 convi:512 | convizsla 2:‘
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 Taxpoo]
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 FC-4096

FC-4096

FC-1000

soft-max
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INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)

ConvNet Ci
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)"64 = 1,728 = C =
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  pul(221 X 22T RGB imag
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 Cow~%3 | com>tw [l conirn | cc
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 onv3-128 | com3-128 [Jcom3-128 | o
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 com3-128 | conv3126 Jconv3 128 4 co
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 P e | TTmio b
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 conv1-256 || conv3-256 | co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 — L
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 o ST oS oo 16
POOL2: [14x14x512] memory: 14*14*512=100K params: 0 conv3-512 | conv3-512 [f conv3-512 f co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 convl-512 [ conv3-512 | co

co

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 el
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 Comv3-312 | com3-312 [fcom3-312 || co

POOL2: [7x7x512] memory: 7*7*512=25K params: 0 conv3-512 [ conv3-512 [ conv3-512 | co
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 convi-512 J conv3-512 o
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 Taxpoo]
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 FC-4096

FC-4096
TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd) FC-T000

soft-max

TOTAL params: 138M parameters
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INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not 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 s: (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K params: 0 e
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 FC
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

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Case Study: GoogLeNet [Szegedy et al., 2014]

e “\MJ \‘"'Wm Inception module
ﬁﬂ [ [
- e ILSVRC 2014 winner (6.7% top 5 error)
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Case Study: GoogLeNet

type "':::“’ "‘:ﬂ“ depth | #1x1 t‘;"’: #3x3 f:;: #5X5 E params | ops
convolution Tx7/2_ | U2xilzxed | 1 D
‘max pool 3x3/2 56x56x64 )
convolution 3x3/1 56x56 %192 2 64 192 112K 360M
‘max pool 3x3/2 28x28 x 192 0
inception (3a) 28%28 X 256 2 64 % 128 16 32 3 159K 128M
nception (3b) 25x28x480 | 2 128 128 192 2 % 6 | K| soim
‘max pool 3x3/2 14x14x 480 )
inception (4a) 14x14x512 2 192 9% 208 16 48 o4 364K 73M
inception (4b) 14x14x512 2 160 1m2 24 24 64 64 437K 88M
inception (4¢) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x 14 x 528 2 112 144 288 32 64 64 580K 110M
inception (4¢) 14x14x 832 2 256 160 320 » 128 128 840K 170M
‘max pool 3x3/2 TXTx832 o
inception (5a) TXTx832 2 256 160 320 32 128 128 1072K S4aM
inception (5b) TXTx1024 g 384 192 384 48 128 128 1388K 7IM
ave pool 7XT/1 1x1x1024 0
dropout (40%) 1x1x1024 0
linear 1x1x1000 1 1000K M
softmax Ix1x1000 0

Aditya Nigam (SCEE, IIT-Mandi)

aditya@iitmandi.ac.in

Fun features:

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

Compared to AlexNet:
- 12X less params

- 2x more compute

- 6.67% (vs. 16.4%)

Lecture, February - May, 2019



Aditya Nigam (SCEE, IIT-Mandi)

Case Study ResNet Hestal 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 num

HICCV

Kaiming He, Xiangyu Zhang, Shacging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arkiv 2015

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

aditya@iitmandi.ac.in
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Revolution of Depth

| 152 layers |

351 I I

ILSVRC'15  ILSVRC'14  ILSVRC'14
ResNet  GoogleNet VGG

ILSVRC'13

ILSVRC'12
AlexNet

ILSVRC'11

ImageNet Classification top-5 error (%)

e ()

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image

ILSVRC'10

Research

", arkiv 2015.

(slide from Kaiming He’s recent presentation)

Lecture, February - May, 2019



CIFAR-10 experiments

CIFAR-10 plain nets

56-layer
44-layer
32-layer
T W= 20-layer

error (%)

o P

S[[— piain-2 i
plai .
:p;:’ solid: test
[ 1 3 5 5 dashed: train

- § 4
iter. (led)

Aditya Nigam (SCEE, IIT-Mandi)

error (%)

CIFAR-10 ResNets

~—ResNet-20
ResNet-32

3 4
iter. (led)

aditya@iitmandi.ac.in
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32-layer
44-layer
56-layer
110-layer



Aditya Nigam (SCEE, IIT-Mandi)

Case Study: ResNet Hestal 2015

ILSVRC 2015 winner (3.6% top 5 error)

Revolution of Depth

AlexNet, 8 layers # VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
ICCV.

)
3
5
=
=
3
=
=
=
=
=
=
3
3
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=
=
=
=
=
>
3
=
5
=

2
]
&
=
=
=3

Research

(slide from Kaiming He’s recent presentation)

aditya@iitmandi.ac.in

2-3 weeks of training
on 8 GPU machine

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

Lecture, February - May, 2019



Case Study:

ResNet

[He et al., 2015]

Aditya Nigam (SCEE, IIT-Mandi)

34-layer plain

image

34-layer residual

image

224x224x3

Tx7conv, 68,/ |

pool, /2

[ 3@cnves |

33conv,64 |

[ 3@cowes | [ 33conv6a |
[ 3@cwes | [ 33com s |
3x3 cony, 64 3x3conv, 64

Eema]

omeme ]
v

3x3 conv, 64

3x3cony, 64

[eow sz |

T

v
(= Cmewm ] .-
[Cmewim ] [mewm ]

aditya@iitmandi.ac.in

spatial dimension

77 conv, 64,17 | Only 56X56|
o2
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Case Study: ResNet  meetal, 2015

* Plaint net * Residual net
x X
weight layer
any two ’ g
ﬁ?n(::d l;‘,fprg relu F(x) identity
weight layer weight layer x
relu
H(x) Hx)=Fx)+x @

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Case Study: ResNet  reetal. 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

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Case Study: ResNet  meetal, 2015

256-d

relu

similar

all-3x3 complexiy bottleneck
‘ (for ResNet-50/101/152)

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



Case Study: ResNet  meetal, 2015

256-d

Fiter
cancatenation

343 comvoluions | | 6x5 convoutions 1x1 convoluions
1x convolutions [ )
“1x1 convolutions 1x1 convolutions 3x3 max pooling
1x1, 256
==

Previous layer

(this trick is also used in GoogLeNet)

Aditya Nigam (SCEE, IIT-Mandi) aditya@iitmandi.ac.in Lecture, February - May, 2019



5 Case Study: ResNet Heetal. 2015
layer name | output size 18-layer | 34-layer [ 50-layer ] 101-layer 152-layer
convl 112112 Tx7, 64, stride 2
33 max pool, stride 2
[ 1x1,64 ] 1x1,64 ] 1x1,64 ]
2 656 1 » *
ok | 20m3 [3"2‘2 ]x2 [;"2'3 ]x3 Ix3,64 | x3 3x3,64 | x3 3x3,64 [x3
e A | 1x1,256 | 1x1,256 | 1x1,256 |
[ 1x1,128 ] 1x1,128 1x1,128
conv3.x 2828 [ iiz' :;g ]xZ [ 2i:' :;g ]x4 3x3,128 | x4 3x3,128 | x4 3x3,128 | x8
L i |, ix1;512 ] 1x1,512 | 1x1,512 |
1x1,256 [ 1x1,256 ] [ 1x1,256 ]
convdx | 14x14 [ giz igg ]xz [ ;i: gg ]xﬁ 3x3,256 |x6 || 3x3,256 |x23 || 3x3,256 |x36
i ! Ix1, 1024 1x1,1024 | 1x1,1024 |
[ I, 513 [ bl 512 11,512
comwSx | 7x7 [iii:;;]xz [ng:g ]x3 3x3,512 |x3 | | 3x3,512 |x3 3x3,512 | x3
v o 1x1,2048 | 1x1,2048 | 1x1,2048 |
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° [ 36x107 ] 3.8x10° 7.6x10° I 11.3x10°

Aditya Nigam (SCEE, IIT-Mandi)

aditya@iitmandi.ac.in
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