Deep Learning for
Computer Vision



Vision:

Fundamental
aspect of our life

Origin: 540 min
years ago

{4

Our visual
system is trained
on images seen

in 540 mln of
years!
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1950s: David Hubel and Torsten Wiesel(!)
experiments on the visual cortex of a cat

Findings:

 Certain neurons fire only to very specific
patterns and orientation

* Neural mechanisms are spatio-invariant

Electrical signal
from brain

Recording electrode ——

Visual area
of brain

* Neural layers are organized hierarchically

(1) “Receptive fields of single neurons in the cat’s striate cortex”

Q Stimulus
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1363130/

Artificial Intelligence Vision:

The very first picture...

1826

“View from the Window at Le Gras”, France
taken by Nicéphore Niepce

Obtained covering of bitumen a sheet
Time of exposure: 8 hours!!!
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Artificial Intelligence V&s' n:.

Origins of computer vision:
an MIT undergraduate summer project

1966

MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Iatelligesce CGroup July 7, 1966
Vision Meso. Ne., 100,

. -
Seynour Papert

The summer vision project is an attempt o use Our susser workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen purtv because it can be segnented Into
sub-problems which will allev individuals to work independently and yet
participate in the construction of a aystem complex emough to be a real

landmark in the development of "patters recognitita”.
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What Computers “See”




Images are Numbers

What the computer sees
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An image is just a matrix of numbers [0,255]!
i.e., 1080x1080x3 for an RGB image
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Tasks in Computer Vision
Classification
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Input Image Pixel Representation

- Classification: output variable takes class label. Can produce probability of belonging to a particular class

- Inthe example, classify which USA President is in the image
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Tasks in Computer Vision
Regression

Yaw ?Y

e
22088

- Regression: output takes a continuous value
- Inthe example, the head rotation (3 angles: Yaw, Pitch, Roll)




High Level Feature Detection

CLASSIFICATION: identify key features in each image category

Nose, Wheels, Door,
Eyes, License Plate, Windows,
Mouth Headlights Steps
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Manual Feature Extraction

: : Detect features
Domain knowledge Define features :
to classify

Problems?
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Manual Feature Extraction

Detect features

Domain knowledge Define features :
to classify

Viewpoint variation Scale variation Deformatlon Occlusion

-~

Background clutter  Intra-class variation
h - 1
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Manual Feature Extraction

Detect features

to classify

Viewpoint variation Scale variation Deformation Occlusion

-~

Intra-class variation

A

B | vV \

Background clutter
h - {

Institute of
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Learning Feature Representations

Can we learn a hierarchy of features directly from the data
instead of hand engineering?

Low level features Mid level features High level features

Edges, dark spots Eyes, ears, nose Facial structure

H BN Massachuseatis
I l Institute of . .
Technology introtodeeplearning.com

6.5191 Introduction to Deep Learning Lee + ICML 2009  119/19




Learning Visual Features




Fully Connected Neural Network
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Fully Connected Neural Network

Input: A,O Fully Connected NN:
2D image \ e Connect neuron in hidden
layerto all neurons in input
Vector of pixel values 09— layer
X1,X2, eues Xp
l . e No spatial information!
Input to the NN e And many, many parameters!

0

How can we use spatial structure in the input to inform the architecture of the network?
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Spatial features




Using Spatial Structure

(J
X

Idea:

00
'0'0’e

'@
®

’Qggﬁ‘
OCY DOOO
00
¢: )

0),
v

/)
)0

2000
/50,0000
90000

1) connect patches of input to
neurons in hidden layer.

Input: 2D image.
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Using Spatial Structure
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2) Slide the patch window across the image.

Different weights (filters) detect different features



Applying Filters to Extract Features

1) Apply a set of weights - a filter - to extract local features
2) Usemultiple filters to extract different features

3) Spatially share parameters of each filter
(features that matter in one part of the input should matter elsewhere)
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Spatial Convolution

- Filter of size (n x n): n? different weights

In input

patch

- Apply this ssmefilter to all (n xn) patches

- Not necessary all: shift by s pixels for next

H B Massachusetts
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Producing Feature Maps

2

0/0]0!
Original Edge Detect “Strong” Edge
Detect
Different weights (filters) extract different features.
Which weights?
[T S ek 129719




Feature Extraction and Convolution

A Case Study




X or X?

I

Image is represented as matrix of pixel values. . . and computers are literal!

We want to be able to classify an X as an X even it it's shifted, shrunk, rotated,
deformed.
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Features of X

I
]
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filters

Filters to Detect X Features
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The Convolution Operation

element wise

multiply add outputs

iy -1 1
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The Convolution Operation

Suppose we wantto compute the convolution of a5x5 image and a3x3 filter:

X

filter

Image
We slide the 3x3 filter over the input image, element-wise multiply, and add the outputs...

I'I-- insiuioof 6:5191 Infroduction to Deep Leaming Karn Intuitive CNNs 1/29/19
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The Convolution Operation

We slide the 3x3 filter over the input image, element-wise multiply, and add the outputs:

11[1]0]0

0/1(/1/1|0 1|01 4134
ofof1f1[1| X o1 0 = [2]4]3
0|0|1|1]|0 1/0]1 2134
0|1(1/10]|0 filter feature map
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Convolutional Neural Networks (CNNs)




CNNs for Classification

Fully- N

Input image Convolution Maxpooling bkl
(feature maps) layer
|. Convolution: Apply filters to generate feature maps. IF t£ keras.layers.convap

2. Non-linearity: Often RelU. tf keras.activations.*

3. Pooling: Downsampling operation on each feature map. tf.keras.layers.MaxPool2D

Train model with image data.
Learn weights of filters in convolutional layers.

I O e 6.5191 Introduction to Deep Learning
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Convolutional Layers: Local Connectivity

sacticaecas
o*cpocoo e

ooo:» ng,:goco,

".: .‘:«Q.‘i::‘:‘ ‘0 For a neuron in hidden layer:
oooooco SIS :tsves |
et . - Take inputs from patch
ooooojooioooﬁootozo e *’4:3 - Compute weighted sum
0/0/00/00/00000000 Seerek Xy - Apply bias
0000000000000 el X33
Sesscossecocsoisessts
ooooo‘ooooo‘oo‘o‘o seocee

4

4x4 filter: matrix 2 2 T 1) applying a window of weights

of weights w;; i Y P Tq 2) computing linear combinations

1=1J=

3) activating with non-linear function
for neuron (p,q) in hidden layer

I I I mEm Massachuse 6.5191 Introduction to Deep Learning
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Convolution layer: Activation Map

=\

consider a second, green filter

__— 32x32x3 image
5x5x3 filter

V

convolve (slide) over all

w|

N

spatial locations

activation maps

.

b

28



Convolution layer: Activation Map

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

yar
i

3

Convolution Layer

4

activation maps

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

28



CNNs: Spatial Arrangement of Output Volume

depth . .
P Layer Dimensions:
hxwxd
32 o
where h and w are spatial dimensions
d (depth) = number of filters
\ .
—— height i
=0 0000 Stride:
| Filter step size
P
Receptive Field:
32 Locations in input image that
width a node is path connected to
3
Wmm  Massachusetts 65191 Introduction to Deep Learni
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Introducing Non-Linearity

- Apply after every convolution operation (i.e., after Rectified Linear Unit (ReLU)
convolutional layers) 0f
- RelLU: pixel-by-pixel operation that replaces all negative o
values by zero. Non-linear operation! ;
30 3
Input Feature Map Rectified Feature Map 4 E

1. N i T L I VA S T i |

-10 -5 5 10

g(z) = max(0, z~)

SRR B T ﬁ\\v*
.l\ L

\ : i
g"' I’ll I
T Ll R

U B ]

{

i .
white ='positive values " tf.keras.layers.ReLU
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Pooling

A
" 11 1 4
max pool with 2x2 filters
51| 6 8 and stride 2 b 8
>
3 2 0 tf.keras.layers.MaxPool2D( 3 4
poo}_siz? (2,2),
1 2 4 S T 1) Reduced dimensionality
2) Spatial invariance

y

How else can we downsample and preserve spatial invariance!
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Representation Learning in Deep CNNs

Low level features Mid level features High level features

Edges,dark spots | Byes,ears, nose

Conv Layer 1 Conv Layer 2 Conv Layer 3

E B Massachusetts ; i
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Spatial parameters

A closer look at spatial dimensions:

activation map

32x32x3 image

/
P 5x5x3 filter /

convolve (slide) over all

spatial locations
28

28

=\

~



Some parameters: Stride

A closer look at spatial dimensions:

7

/X7 input (spatially)
assume 3x3 filter




Some parameters: Stride

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter




Some parameters: Stride

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter




Some parameters: Stride

A closer look at spatial dimensions:

7

/X7 input (spatially)
assume 3x3 filter




Some parameters: Stride

A closer look at spatial dimensions:

7

X7 input (spatially)
assume 3x3 filter

=> 5x5 output




Some parameters: Stride

A closer look at spatial dimensions:

7
/X7 input (spatially)

assume 3x3 filter
applied with stride 2




Some parameters: Stride

A closer look at spatial dimensions:

7
/X7 input (spatially)

assume 3x3 filter
applied with stride 2




Some parameters: Stride

A closer look at spatial dimensions:

7

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




Some parameters: Stride

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3xa3 filter
applied with stride 3?

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



Some parameters: Stride

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

eg.N=7,F=3:

stride1=>(7-3)1+1=5
stride2=>(7-3)/2+1=3

I~ o~

stride 3=>(7-3)/3+1=233:\




Some parameters: Padding

In practice: Common to zero pad the border

0

0

0

0

0

O | O | O | ©Oof o

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



Some parameters: Padding

Remember back to...
E.g. 32x32 input convolved repeatedly with 5x5 filters shrinks volumes spatially!
(32->28->24 ..).

A A A

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

_A filters _A filters _A

3 6 10

Shrinking too fast doesn’t work well! !




Some parameters: Padding

With Padding:

/ %2 / 32 / 32
CONYV, CONYV, CONYV,
RelLU RelLU RelLU
e.g.6 e.g. 10
5x5x3 / 5x5x6

732 iters _/ 32 fiters | | 32

3 6 10

Padding preserve the dimensions !




Some parameters

Examples time:

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

Number of parameters in this layer?

N

N



Some parameters

Examples time: / /

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

<
N

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



Summary

Summary. To summarize, the Conv Layer:

e Accepts a volume of size W; 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.

Common settings:

K = (powers of 2, e.g. 32, 64, 128, 512)
- F=3,S=1,P=1

bl El

M M T
I

- 01 O

nwwvwwm
I

N -

T TVTT
I

2
? (whatever fits)
0

bt

e Produces a volume of size W x Hy x D, where:

o Wp= (W) —F+2P)/S+1

o Hy = (H; — F+2P)/S + 1 (i.e. width and height are computed equally by symmetry)

o Dy=K

« With parameter sharing, it introduces F' - F' - Dy weights per filter, for a total of (F - F' - D;) - 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.



CNNs for Classification: Feature Learning
| 1=

—

K = sen .
} ——
\l o

CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING

e W
ki

FEATURE LEARNING

INPUT

1. Leamnfeatures in input image through convolution
2. Introduce non-linearity through activation function (real-world data is non-linear!)
3. Reduce dimensionality and preserve spatial invariance with pooling

H B Massachusetts : :
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CNNs for Classification: Class Probabilities

— CAR
— TRUCK
— VAN

HAEENEREEN

JEENEEEEE

WIEENEEERI

D D — BICYCLE

FLATTEN FULLY SOFTMAX

\ CONNECTED j
Y
CLASSIFICATION
- CONV and POOL layers output high-level features of input eVi
- Fully connected layer uses these features for classifying input image softmax(y;) = ¥;
- Express output as probability of image belonging to a particular class Zf €

I I I NN Massachusetis
1/29/19
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CNNs: Training with Backpropagation

/ 4 - — —

a - 1 - TCR‘:JRCK
o u ] — van

= ® i &
’ ‘/\ ] [] — sicycLe
INPUT Convownovu + RELU POOLING CONVOLUTION + RELU POOLING y \FLATTEN co:qurizlzrm SOFTMAX y

Y Y
FEATURE LEARNING CLASSIFICATION
Learn weights for convolutional filters and fully connected layers
Backpropagation: cross-entropy loss
J(6) = Z y W log(y?)
i
III'- m:ﬁ:‘?g‘:‘“‘ 65191 Introduction to Deep Learning 1129/19
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Putting it all together

tensorflow tf

def generate model():

model tf.keras.Sequential ([

keras.layers.Conv2D(32, filter size=3, activation='relu’),

keras.layers.MaxPool2D(pool size=2, strides=2),

Conv2D(64, filter size=3, activation='relu’),

MaxPool2D(pool size=2, strides=2),

Flatten(),

Dense(1024, activation='relu’),
Dense(10, activation=‘softmax’)

1)

return model

6.S191 Introduction to Deep Learning
introtodeeplearning.com @MITDeeplearning

FEATURE LEARNING

CLASSIFICATION
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CNNs for Classification: ImageNet




ImageNet Dataset

Dataset of over 14 million imagesacross 21,841 categories

“Elongated crescent-shaped yellow fruit with soft sweetflesh”

1409 pictures of bananas.
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ImageNet Challenge

SCENEECI NS ERErT G ERaGITE SRR TR e O TR BT MNLLORE < s EaRsS W T
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ImageNet Large Scale Visual Recognition Challenges

—  EEEve SN FHOBG maasEE- > 0-tmvln§' D “IRSTE - TR
NeBJEEI>WR .~ - —BA()/u TR\t ] — o a-o.nv~ /
e | = RBuas/ oM HUSE B> N o v 5.‘Bﬂmaﬂuﬂué‘-
dﬂ.ii.‘réto--mnian./- ("M om@oems 8o WP

Classification task: produce a list of object categories present in image.
1000 categories.

“Top 5 error”: rate at which the model does not output correct label in top 5

predictions
Other tasks include:

single-object localization, object detection from video/image, scene classification, scene parsing

I - Massachusetts
Institute of . .
Technology introtodeeplearning.com
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ImageNet Challenge: Classification Task

28 2 2012:AlexNet. First CNN to win.
- 8 layers, 61 million parameters
2013: ZFNet
- 8 layers, more filters
2014:VGG
- 19 layers

2014: GooglLeNet

- “Inception” modules

- 22 layers, Smillion parameters
2015: ResNet

- 152 layers

classification error %

I H BN Massachusetis
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ImageNet Challenge: Classification Task
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Irhagel\let:
22K categories. |4M images.

Data, Data, Data

Airplane
Automobile
Bird
Cat
Deer
Dog
Frog
Horse
Ship
Truck
CIFAR-10

MNIS
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THE SCENE RECOGNITION DATABASE

places: natural scenes
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An Architecture for Many Applications




An Architecture for ManyApplications

4?@ 4 )

=]

e

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING
e o
k i
FEATURE LEARNING K /
Object detection with R-CNNs
Segmentation with fully CNN —
Innage captioning with RNINs
o Nassachusefx 6.5191 Introduction to Deep Leami
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Deep Learning for Computer Vision: Impact

Artificial
of skin
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Detection: Breast Cancer Screening

International evaluation of an Al system for
breast cancer screening nature

b [
Breast cancer in 2 years (USA) Breast cancer in 1 year (USA)
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Breast cancer case missed by
radiologist but detected by Al

CNN-based system outperformed expert radiologists at
detecting breast cancer from mammograms
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Beyond Classification

Semantic Object Image
Segmentation Detectlon '

CAT CAT, DOG, DUCK The catisin the grass. |
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Semantic Segmentation: Fully Convolutional Networks

FCN: Fully Convolutional Network.
Network designed with all convolutional layers,
with downsampling and upsampling operations

Med-res: Med-res:
02 x H/4 x W/4 D2 x H/4 x W/4
Low-res:
D3 x H/4 x W/4
Input: High-res: High-res: T
3xHxW D, x H/2 x W/2 D, x H/2 x W/2 Hx W
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Semantic Segmentation: Biomedical Image Analysis

Original Ground Truth Segmentation Ground Truth Segmentation
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Brain Tumors

Dong+ MIUA 2017. | L¥) SN E, SN '> D 0
‘ %

Original Ground Truth Segmentation Uncertainty

Malaria Infection
Soleimany+ arXiv 2019.
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Driving Scene Segmentation
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Object Detection with R-CNNs

R-CNN: Find regions that we think have objects. Use CNN to classify.

1 warped region

aeroplane? no.

person? yes.

v‘f -
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1. Input 2. Extract region 3. Compute 4. Classify

tvmonitor? no.

image proposals (~2k) CNN features regions
I I I i I- 'Mn::f:f:gfeﬁs 6.5191 !n;[r()td:ctioln to .Deep Leaming [13] 1720119




Image Captioning using RNNs

Classification

Cat

C; S, C, S, n n;
mput feature maps  feature maps feature maps feature maps output
RER x| Mxli 1010 x5 __
o N
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N A \
5x5 2x2 5xS . 7o)
convolution \ subsampling convolution 2x2 \\ O fully \
subsampling \\ connected Y
feature extraction classification
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Image Captioning using RNNs

Captioning

A cat
riding a
skateboard

“straw” “hat” END

START “straw” “hat”
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Impact: Face Detection
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Impact: Self-Driving Cars
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INPUT IMAGE
A 4

CONV 100x100x32
A 4

CONV 100x100x64

Impact: Healthcare

|dentifying facial phenotypes of genetic disorders using deep learning

»
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Gurovich et al., Nature Med. 2019
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Deep Learning for Computer Vision: Summary

e Why computer vision? e CNN architecture e Segmentation, object
* Representing images e Applicationto detection, image
e Convolutions for classification captioning

feature extraction e ImageNet * Visualization
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