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* Potential uses of image classification: Detect tumor
(type) from medical scans, image search online,
autonomous driving

* Recall: images are made of pixels

| https://en.wikipedia.org/wiki/Pixel#/media/File:Pixel-example.png |
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 We'll tocus on grayscale
images

* Each pixel takes a value
oetween 0 and P

 Here, O: black, 1: white
e Larger Pin Lab Week 08

e How do we use an image
as an input for a neural
net’?
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input x Fully connected layer: every input Is
(nx 1) connected to every output by a weight

But we know more about images:
o Spatial locality
e [ranslation invariance



Convolutional Layer: 1D example



Convolutional Layer: 1D example

AtDimage: JoJoj1fi1jtjojijojojo



Convolutional Layer: 1D example

AtDimage: JoJoj1fi1jtjojijojojo

A filter:



Convolutional Layer: 1D example

AtDimage: JoJoj1fi1jtjojijojojo

A filter:

After
convolution™;



Convolutional Layer: 1D example

ojofifif1jofjijojojo

A 1D image:

A filter:

After
convolution™;



Convolutional Layer: 1D example

ojofifif1jofjijojojo

A 1D image:

A filter:

After

convolution™: D



Convolutional Layer: 1D example

ojojiiif1jofj1jojojo

A 1D image:

A filter:

After

convolution™: D



Convolutional Layer: 1D example

A1Dimage: [ 0fof141f1jofj1lojojo
A filter: 0™ -1
After

convolution™: D



Convolutional Layer: 1D example

A1Dimage: [ojof141f1jofj1lojojo
A filter: 0™ -1
After

convolution™: D



Convolutional Layer: 1D example

A1Dimage: fojof1i1f1jol1lololo
A filter: O0*-1+0"*1
After

convolution™: D



Convolutional Layer: 1D example

A1Dimage: fojof1i1f1jol1lololo
A filter: O0*-1+0"*1
After

convolution™: D



Convolutional Layer: 1D example

A1Dimage: Jojofi1i1]1joj1jojojo
A filter: O*-1+0"1+17-1
After

convolution™: D



Convolutional Layer: 1D example

A1Dimage: fojof1fi1f1joj1jojojo
A filter: O*-1+0"1+17-1
After

convolution™: D



Convolutional Layer: 1D example

ojofifif1jofjijojojo

O*-1+0*1+17-1=-1

A 1D image:

A filter:

After D
convolution™:



Convolutional Layer: 1D example

A1Dimage: fojof1f1]1Jof1fjojojo
A filter: O*-1+0"1+17"-1=-1
After

convolution™:



Convolutional Layer: 1D example

ojofifif1jofjijojojo

A 1D image:

A filter:

After

convolution™:



Convolutional Layer: 1D example

A1Dimage: [ ofof1f1f1jofj1lojojo
A filter;

After

convolution™:

O *correlation



Convolutional Layer: 1D example

ofofl1ji1fijojijojojo

A 1D image:

A filter:

v
After
convolution™:

O *correlation



Convolutional Layer: 1D example

ofofl1ji1fijojijojojo

A 1D image:

A filter:

v
After
convolution™:

O *correlation



Convolutional Layer: 1D example

ojJof1ji1lifoji1jojojo

A 1D image:

A filter:

After ‘
convolution™:

O *correlation



Convolutional Layer: 1D example

ojJojifilidofijojojo

A 1D image:

A filter:

v
After
convolution™: ﬂ ﬂ

O *correlation



Convolutional Layer: 1D example

ojJojtji1iilojijojojo

A 1D image:

A filter:

v
After
convolution™: ﬂ ﬂ

O *correlation



Convolutional Layer: 1D example

ojJojtji1jifojijofo]o

A 1D image:

A filter:

v
After
convolution™: ﬂ ﬂ

O *correlation



Convolutional Layer: 1D example

ojJojtji1jijorijolofo

A 1D image:

A filter:

v
Aft
Cor?\r/olution*: ﬂﬂ

O *correlation



Convolutional Layer: 1D example

ojojijiftjofriojolo

A 1D image:

A filter:

v
Aft
Cor?\r/olution*: mﬂﬂ

O *correlation



Convolutional Layer: 1D example

SLYLS [ [ K1 K1 K1 [ K1 F1 K )

After
convolution™: mﬂm

A filter:

5 *correlation



Convolutional Layer: 1D example

A1Dimage: |ojolift1f1lof1]jojolo
Aft
Cor?\l;olution*: m m m

A filter:

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: m.......

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: mm......

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: mmn.....

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m ﬂ m
After RelLU: mmnm....

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: mmnmm...

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: mmnmm..

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: mmnmmm.

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

After

convolution™: m m m
After RelLU: mmnmmmm

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

Aft
Cor?\l;olution*: mﬂﬂ
After RelLU: mmnmmmm

O *correlation



Convolutional Layer: 1D example

AtDimage: |ojof1fi1f1jojijojojo
A filter

Aft
Cor?\l;olution*: mﬂﬂ
After RelLU: mmnmmmm

What does the filter do”

O *correlation



Convolutional Layer: 1D example

A1Dimage: |ojojt]iji1jolijojojo
Afilter:

Aft
Cor?\l;olution*: mﬂﬂ
After RelLU: mmnmmmm

O *correlation



Convolutional Layer: 1D example

a1Dimage; 0 fofof1fif+]ofifofofofo:
Afilter:

Aft
Cor?\l;olution*: mﬂﬂ
After RelLU: mmnmmmm

O *correlation



Convolutional Layer: 1D example
A1Dimagel 010] ol i 1] 1 Jo] 1 ]oJo]o] o}
|

&l K 5

v
_1-tjof-1joj-2f1]-1]o
After RelLU: mmmmmmm

A filter:

After
convolution™;

O *correlation



Convolutional Layer: 1D example
A1Dimagel 010] ol i 1] 1 Jo] 1 ]oJo]o] o}
|

&l K 5

v
of-1jof-1joj-2f1]-1]o
After RelLU: mmmmmmm

A filter:

After
convolution™;

O *correlation



Convolutional Layer: 1D example

a1Dimagef 0 [oJo] 11 1 [o L1 oJo] ol 0.

A filter:

v
Aft
Cor?\r/olution*: n m m ﬂ .

After RelLU: mmmmmmm

O *correlation



Convolutional Layer: 1D example

a1Dimagef 0 [oJo] 11 1 [o L1 oJo] ol 0.

A filter:

v
Aft
Cor?\r/olution*: n m m ﬂ ﬂ

After RelLU: mmmmmmm

O *correlation



Convolutional Layer: 1D example

ojojrjiftjofijojofofo:
Afilter:

Aft
Cor?\r/olution*: nmﬂﬂﬂ
After RelLU: mmnmmmm

A 1D image; 0

O *correlation



Convolutional Layer: 1D example

ojojrjiftjofijojofofo:
Afilter:

After

convolution™: n m m ﬂ ﬂ
Ater ReLU:  Jojojolojojolijojojo

A 1D image; 0

O *correlation



Convolutional Layer: 1D example

convolution™:

A filter:

6 *correlation



Convolutional Layer: 1D example

with bias +1
convolution™:

A filter:

6 *correlation



Convolutional Layer: 1D example

Atpimagel 0 {oJof1]1]1]of1]ofofofo:

A filter:

After

6 *correlation



Convolutional Layer: 1D example

Atpimagel 0 {oJof1]1]1]of1]ofofofo:

A filter:

After

6 *correlation



Convolutional Layer: 1D example

Atpimage: 0 0Jof1f1]1fofr]ofofofo:

A filter:

After
convolution™: n m . . . . . . . .
aerrels: [T T T T T T T TT]

with bias +1

6 *correlation



Convolutional Layer: 1D example

a1Dimage: 0 fofof1[if1]ofrfofofofo:
with bias +1

After
convolution™: n m . . . . . . . .
aerrels: [T T T T T T T TT]

A filter:

6 *correlation



Convolutional Layer: 1D example

a1Dimage: 0 fofof1[if1]ofrfofofofo:
with bias +1

Aft
Cor?\r/olution*: n m m ﬂ n
aerrels: [T T T T T T T TT]

A filter:

6 *correlation



Convolutional Layer: 1D example

a1Dimage: 0 fofof1[if1]ofrfofofofo:
with bias +1

Aft

Cor?\r/olution*: n mﬂﬂn

aterretU: L L L L L Ll

A filter:

6 *correlation



Convolutional Layer: 1D example

a1Dimage: 0 fofof1[if1]ofrfofofofo:
with bias +1

Aft

Cor?\r/olution*: n mﬂﬂn

aterretU: pif L L L L L Ll

A filter:

6 *correlation



Convolutional Layer: 1D example

a1Dimage: 0 fofof1[if1]ofrfofofofo:
with bias +1

Aft

Cor?\r/olution*: n m ﬂﬂ n

atterRelU:  fifol L L L L L L |

A filter:

6 *correlation



Convolutional Layer: 1D example
ofjojtjt1fijofi1]jojojo}o:

with bias +1
After

convolution™: n m m ﬂ n
atterRelU:  fifol L L L L L L |

A 1D image; 0

A filter:

6 *correlation



Convolutional Layer: 1D example
ofjojtjt1fijofi1]jojojo}o:

with bias +1
After

convolution™: nmﬂﬂ n
After RelU: nmnmnn

A 1D image; 0

A filter:

6 *correlation



Convolutional Layer: 1D example

with bias +1
convolution™:

A filter:

/ *correlation



Convolutional Layer: 1D example

with bias b
convolution™:

A filter:

/ *correlation



Convolutional Layer: 1D example

with bias b
convolution™:

A filter:

/ *correlation



Convolutional Layer: 1D example

it bias &
convolution™:

A filter:

/ *correlation



Convolutional Layer: 1D example

with bias b
convolution™:

A filter:

/ *correlation



Convolutional Layer: 1D example

with bias b
convolution™:

 How many weights (including bias)?

A filter:

/ *correlation



Convolutional Layer: 1D example

with bias b
convolution™:

 How many weights (including bias)? 4

A filter:

/ *correlation



Convolutional Layer: 1D example

with bias b
convolution™:

 How many weights (including bias)? 4

 How many weights (including biases) for tully connected
ayer with 10 inputs & 10 outputs?
/ *correlation

A filter:




Convolutional Layer: 1D example

with bias b
convolution™:

 How many weights (including bias)? 4

 How many weights (including biases) for tully connected
ayer with 10 inputs & 10 outputs? 10 x 11 =
/ *correlation

A filter:




Convolutional Layer: 1D example

with bias b
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 How many weights (including biases) for tully connected
ayer with 10 inputs & 10 outputs? 10 x 11 = 110
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A filter:

i
| | I 20U1 3
mage: - - ---:
-
- =1
i i
'




12

Convolutional Layer: 2D example

Afilter

A 2D
image:

with blas b




12

Convolutional Layer: 2D example

A filter:

with blas b

A 2D
image:




Convolutional Layer: 3D example

A 3D
image:

i

[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ]

13



Convolutional Layer: 3D example

A 3D
image:

i

[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ]

13



Convolutional Layer: 3D example

A 3D
image:

i

[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ]

13



Convolutional Layer: 3D example

A 3D
image:

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ]

13



Convolutional Layer: 3D example

A 3D
image:

i

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

T

[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ]

-

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r



Convolutional Layer: 3D example

A 3D Afiter: < >
image: N

i

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

T

[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ]

-

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r



Convolutional Layer: 3D example

A 3D Afilter: < I
image: N

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

N \\‘. ' v g .
AL -,_' [\ '\"1__". "f - \ . ‘ ¢
AR R RNY 73,
AN >
\ . ' : 4 /! :'//'
[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ] ?

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r




Convolutional Layer: 3D example

A 3D A filter. 1\// >

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

.':-7 N \\\. v .
AL -,_' 1 \"1__" £ - \ . ‘ ¢
RE AN 5, Wl
- \" -.\'. ) Z O 7
\ . ' * /! :'//'
[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ] ?

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r




Convolutional Layer: 3D example

A 3D Afilter: < I
image: N

1

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

N \\‘. ' v g .
AL -,_' [\ '\"1__". "f - \ . ‘ ¢
AR R RNY 73,
AN >
\ . ' : 4 /! :'//'
[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ] ?

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r




Convolutional Layer: 3D example

A 3D Afilter: < I
image: N

1

>

D

S * Jensor: generalization of a
b matrix

 E.g. 1D: vector, 2D: matrix

RN, B I
3 ?'._..' N “ B ! t : v .
34 N ‘ N
\ . ' * /! :'//'
[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ] ?

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r




Convolutional Layer: 3D example
A 3D Afilter: < I

image: S % 1\3
|
< X

e Tensor: generalization of a
matrix

 E.g. 1D: vector, 2D: matrix

\ N v ¢ '
VR 7 3, Wy
1L\ B nh %
W Y ae (A | |
37 2N\ . [ \
|- 37 / T T
1::«\",', . "
[ https://helpx.adobe.com/photoshop/key-concepts/skew.html ] ?

13 | https://en.wikipedia.org/wiki/TensorFlow ] Te nSO r




14

Convolutional Layer: multiple filters

An
image:




14

Convolutional Layer: multiple filters
An

image: /////////4




Convolutional Layer: multiple filters
An

image: / ,‘
| \

e—

14



Convolutional Layer: multiple filters
An

mage: / -
/"
|

14



Convolutional Layer: multiple filters
An

mage: / -
/"
|

e Collection of
filters in the

layer: filter bank
14



Convolutional Layer: multiple filters
An

mage: / -
/"
Ai ‘ /
: |

* Each resulting
* Collection of image is a channel
filters in the

layer: filter bank
14



15

Max pooling layer: 2D example

Qutput from the
convolutional
layer & Rel U:




15

Max pooling layer: 2D example

Qutput from the
convolutional
layer & Rel U:




15

Max pooling layer: 2D example

Qutput from the
convolutional
layer & Rel U:




15

Max pooling layer: 2D example

Qutput from the
convolutional
layer & Rel U:

Max pooling: returns
max of its arguments



15

Max pooling layer: 2D example

Qutput from the
convolutional
layer & Rel U:

Max pooling: returns
max of its arguments

* Size 3x3 (“size 37)



15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments

layer & RelU: * size 3x3 (“size 3”)




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

Atter max
pooling:




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)
0101070 : 0 | : |
0 O 0Og11]0
ololo!l O nm After max
Lol n poealing:




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

Arer max
POOolIITg:




15

Max pooling layer:

Qutput from the
convolutional
layer & Rel U:

2D example

Max pooling: returns
max of its arguments

* size 3x3 (“size 37)

Atterimax
pooling:

!0!0!1'



15

Max pooling layer:

Qutput from the
convolutional
layer & Rel U:

2D example

Max pooling: returns
max of its arguments

* size 3x3 (“size 37)

After max
pooling:

oy-0.1 1



15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

Atter max
pooling:




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

Atter max
pooling:




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

Atter max
pooling:




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

ojojojojojo
ojojojoj1jo
nmnnmn After max
nnnnmn pooling:

ojojojojojo
ojojojojojo




15

Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
layer & Rel U: * size 3x3 (“size 3”)

nnmnnm e gtride 1
ojojojoj1]o
ojojojojofo]|  Aftermax
nnmnmn poollng.
ojojojojojo
ojJojojojojo




10
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Max pooling layer: 2D example
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Max pooling layer: 2D example

Output from the Max pooling: returns
convolutional max of its arguments
ayer & Rel.U: + size 3x3 (“size 3")
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CNNs: typical architecture
g%

— TRUCK
[Py
[ ———

— VAN

NEEEEEERY

SERaEEEE

[ s

T

D—BICYCLE
A,
Conv Max  Conv  Max /@% &y, %//Q/);
input  + RelLU pool + RelLU pool 2. OO/) 9
/7@0
7
o

17 [ https://www.mathworks.com/solutions/deep-learning/convolutional-neural-network.html ]



CNNs: typical architecture
g%

— TRUCK
<7

— VAN

L L

SERaEEEE

[ s

T

D—BICYCLE
Y I
Conv Max  Conv  Max /@% &y, %//Q/);
input |+ RelLU pool + RelLU pool T Ch
/7/7@ +

Q

feature learning ‘ /@Q, \

classification

17 [ https://www.mathworks.com/solutions/deep-learning/convolutional-neural-network.html ]



CNNs: typical architecture
%

— TRUCK
— VAN

| i
e

JEDESERER
AHE0E NEEE

// %

S -
e L
&//

Conv Max Conv Max

input |+ RelLU pool + RelLU pool

T

feature learning

classification

Recall: we wanted to encode
o Spatial locality
e [ranslation invariance

17 [ https://www.mathworks.com/solutions/deep-learning/convolutional-neural-network.html ]



CNNs: a taste of backpropagation
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Cat Nneurons [Hubel, Weisel 1959, 1962]

(Be careful with biology analogies)
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Cat Nneurons [Hubel, Weisel 1959, 1962]

(Be careful with biology analogies)

receptive field

T

e simple cells
e complex cells

Sttmulus: on off

[ http://fourier.eng.nmc.edu/e180/lectures/vi/node7.html ]



