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Vertical edge detection
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Verticalj/edge detection
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Vertical edge detection examples
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Vertical and Horizontal Edge Detection
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Valid and Same convolutions
=L QadBiny -
“Valid”: nxn x  Cxk —> a-Sxl x w-ban
VES K Sy ld — “ x &

“Same”: Pad so that output size is the same
as the input size.
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Strided convolution
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Summary of convolutions

n X nimage f X f filter

padding p stride s

{n+2p —iff n 1‘ 5

S

M ¢ 4147857




- O MATENETN O %A OPSMACTINN & WD
YRR G SO LUANNOA QNG (g vON
UMD T GIACATVTNYE TN



\[S G T CANOWWU
@ QANOWNUIN 0% TMAGIMG N W RS CAORIRS

Convolutions on RGB 1image

2% Y\LW&” 2

—

l
Y Aqm
MIST BE EOUAL

&% é\ﬁ@

Il ¢ 33371044

VWM

_ Fikfl with
VIww'e

4x4
U dowminy
s Wk licar
0y 1Y UMD



G) AW BV WIRRS 6+

: : : AGSWLire0
Multiple filters DOt FiLthds €S wn VMG

v
2

o L;\Q C&\‘Q*

1
]

Yx4y?

Q\lmmc{“l- N~ {\XE‘ X Cwl x Ne
6’“6"5 FRITRY Andrew Ng

Il ¢ 841/ 1044




O nR NNNAC QN W A SO WAINAL

Example of a layer
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Example ConVNet %&
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Pooling layer: Max pooling N0 tAy #AMMETh]
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Neural network example (LeN aﬁ-gb
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Neural network example

Activation shape

Activation Size

# parameters

Input: (32,32,3) | — 3,072 o™ 0
CONV1 (f=5, s=1) (28,28,6) 4,704 456 <—
POOL1 (14,14,6) 1,176 0
CONV2 (=5, s=1) (10,10,16) 1,600 2,416 —
POOL2 (5,5,16) 400 0 &
FC3 (120,1) | 120 48,1201
FC4 (84,1) 84

10,164
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MAX-POOL
3 X 3

55%55 X 96 27><27 x96 27T%x27 X256 13><13 ><256

AlexNet

MAX- POOL
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O O O 1000
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[Krizhevsky et al., 2012. ImageNet classification with deep convolutional neural networks] Andrew Ng
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ResNet
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Using 1x1 convolutions

ReLU
(()NV 1x1
28 X 28 X 32
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Inception network

[Szegedy et al., 2014, Going Deeper with Convolutions) Andrew Ng
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What are localization and detection?

Image classification Classification with Detection
localization
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Classification with localization

be
. i ®
1 - pedestrian < Y e
2- car &« 3
3 - motorcycle < \bk =03
4 - |background b= 0%

Andrew Ng
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Defining the target label y

. pedestrian’g Need to output by, by, by, by, class label (1-4)
- car &

- motorcycle
- background &~
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Sliding windows detection
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Evaluating object localization

“Correct” if loU 2-
0-b

Nt

More generally, loU is a measure of the overlap between two bounding boxes.
Andrew Ng
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Non-max suppression example Non-max suppression example
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Anchor box example

Anchor box 1: Anchor box 2:

g

Andrew Ng
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Training

1 - pedestrian
2- car

3 - motorcycle

r J
~\J-\>'\)'\)'\)-\)-\)O'\)'\J~\J'\)-\>-\)-\39/
.

Z+3 % 16
y 183X3X2x8

v =
dod =S ddae,

[Redmon et al., 2015, You Only Look Once: Unified real-time object detection] Andrew Ng
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Object Detection vs. Semantic Segmentation

i st

Input image Object Detection Semgntic Segmentation

> ¢ 138/ 721 O = &



Motivation for U-Net

Chest X-Ray Brain MRI

D) 2:040L 721
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Transpose Convolution

=

Normal Convolution

A7

Transpose Convolution

-1 2 %)
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Transpose Convolution
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Transpose Convolution
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Deep Learning for Semantic Segmentation
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Face verification vs. face recognition

—> Verification Lk
* Input image, name/ID
* Output whether the input image is that of the
claimed person

— Recognition |
* Has a database of K persons
* Get an input imagg
* Output ID if the image is any of the K persons (or
“not recognized”)

Andrew Ng
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Goal of learning

d | (V i i
f(x (D)

-y

Parameters of NN define an encoding f(x®)

Learn parameters so that:
If x®, xU) are the same person, [|f(x®) — f(x®)||* is small.

If x®, xU) are different persons, [[f(x®) — f(x®)||*is large.
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Visualizing what a deep network 1s learning

A\
'+I+/+/+/» -5
26 x 26 13 x 13 13 x 13 13x13 6x6x256
55X55X96x256

x 256 x 384 x 384 FC  FC
224 x224x3  110x 110 X 96 4096 4096

Pick a unit in layer 1. Find the nine
image patches that maximize the unit’s ﬂ
activation.

Repeat for other units. > D
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Neural style transfer cost function
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Generated i G &
enerated image /

|Gatys et al., 2015. A neural algorithm of artistic style. Images on slide generated by Justin Johnson] Andrew Ng

> o) 2107/ 359




Find the generated image G

1. Inmitiate G randomly

G: 100 x 100 x 3
s

2. Use gradient descent to minimize /(G)

|Gatys et al., 2015. A neural algorithm of artistic style]

M ¢ 3357359
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Intuition about style of an image

Style image Generated Image
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