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Why Deep Learning!?

Hand engineered features are time consuming, brittle, and not scalable in practice

Can we learn the underlying features directly from data?

Low Level Features Mid Level Features High Level Features

IntroToDeepLearning.com

Lines & Edges Eyes & Nose & Ears Facial Structure
I Il' Tl i 65191 Introduction to Deep Learning 1821
II Technolog; @ introtodeeplearning.com W @MITDeeplLearning

HPROLAN) B, &, HOLANIL BEADEEDL NIV

MIT Introduction to Deep Learning | 6.5191,
https://www.youtube.com/watch?v=5tvmMX8r_OM
@ [Why Deep Learning] D ~_X— 6



https://www.youtube.com/watch?v=5tvmMX8r_OM

8-1 1>E1—~FEZ3>




a>eEa—5vE>3> {
- B2 -0 [RE] =D o
- RIEFRDRF=ZIEAEUEHTD ([AheD, EIHFEEL,

ANEETSNEFNTSAL)

Y 1Z|S7F§a H



1>Ea—A~AE>a>F s

e dAE1—~FAEDaY: O ED—FHNEHRD
BRF=IBRUERT D

cFA—J=1—3I)IVFY NTJ—% (DNN) :EH
Z\W_1—3JILRY NDO—D T, E@ﬁﬁ@ha
@ (SR,




8-2 B ZINDIZEHD
= A

10



[BFRODEFFAFHDIL RS

ATHBELSNTE, FHNL, Ty DHEBRESS
SFMIET, BIHAHZEHTED

Palebuse Lok

/1]

BEAIANAICL D =EAIANAICL D
IIH L T v

11



=IHAFH

BHIANRE, HDHT—REBZHLEDN L, A—FILE
ERabtsd BEREHLEDOHERITLI DDEICKS.

>—%

—ay )

\\:—#wthEéEWU&L

H—FI L |

: S REehE
BHIE L &FD)

12



ZDERD YY) He

D=2
1 0 1
0X1 1X0 0X1
8-

0

EREhEDFEE: 0X1 +1X0+0X1=0




= A+ DIB|
— ZE)

1 {0 |1 1 10 |1 1 10 |1
0X1 1X0 0xX1 1x1 0X0 0x1 1X1 1X0 1X1

1 0 1 1 0 1 1 0 1

1xX1 0X0 1X1 0X1 0X0 0X1 1X1 1X0 0X1

1 | O 1 1 | 0 1
0X1 1X0 0%X1 0x1 1%X0 1X1

$ @ @ B @ @ B @
o 2 0 1 1 1 2 1 14



=IHAF

EHIANE, HFHEDNZ—VICBLRILT D] BIEHH 5
Bl . MR E R T 5720 D EHIAH =HitiRIZ58 < &b

= BRABERAKE < 25 HH
T —
o(z_o 1ho 011 ED)O
H—=I
1| o

<L
Czjl

AIAPFER 15

1
z

- U U @
O |1 (1)1
=




BEROEFHAFH

Input Filter / Kernel
0 1 1 O 1 1 0 1
O 1 1 0 1 1 1 1
O 1 1 0 1 0 0 1

Hh—>xJ) (3 X3<TXR)

JCHEER (5 X 5 < X)

i https://serokell.io/blog/introduction-to-convolutional-neural-networks
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© =10 110 1
[0, 1. 1, 0, 11,
[0, 1. 1, 0, 11,
[0, 1, 1, 0, 11,
[0, 1, 1, 0, 1]
k= [[1, 0, 11,
1, 1, 11,
[0, 0, 11]
y = [[0, 0, 0],
[0, 0, 0],
[0, 0, 01

def conv (i, j):
return x[i + 0J[j + 0] * k[0][0] + x[i + OJ[Jj + 1] = k[0O1[1] + x[i + 01[Jj + 2] * k[0][2] ¥
+ x[i + 110 + 0] = k[11[0] + x[i + 1105 + 11 * k{1111 + x[i + 11[J + 2] = k[11[2] ¥
+ x[i + 21[J + 0] = k[2]1[0] + x[i + 2105 + 11 * k[21[1] + x[i + 2][J + 2] * k[2][2]

y[0][0] = conv(0, 0)
y[0]1[1] = conv(0, 1)
y[0]1[2] = conv(0, 2)
y[11[0] = conv (1, 0)
y[11[1] = conv (1, 1)
y[11[2] = conv (1, 2)
y[2]1[0] = conv(2, 0)
y[2]1[1] = conv(2, 1)
y[2]1[2] = conv(2, 2)

print (y)

> [[4, 3, 51, [4 3, 51, [4, 3, 51]

https://colab.research.google.com/drive/1pcdD-15-2VbLizKb3eg)IQWXn8tBfOuK?usp=sharing 20
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Score 0. 98?7020158304443 Label lab_coat

Score 0.00308726169166894913, Label syringe
score 0.0024311079178005457, Label beaker
score 0.0016609227750450373, Label stethoscope
score 0.00037950885588547757, Label plate
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CNN Explainer

* CNN Explainer =3 —=J7T#XZ Polo Club
s EHAHEBREDHAZES A TILICERC E
WTCTE3d351 K~

Web SOYHYTIR®D URL ZHI<K
https://poloclub.github.io/cnn-explainer/
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BEHARE  BHARE TUITE BHAKRE BEHRAKRE TV TE
\ conv |[TEHIAME T, max_pool 77—V > &

i )
1 « 1 9 3
e —_— —
iEaE eiEaE iEaE iEeE



@ ELDEFREIVUY D
— BHAHDERFZV _A—>3>2CHERCTED
(COESE, FETODUREFRTHSD. Bk 1 {E

y A\

> 1 DEVDDITTIERLY)

CNN EXPLAINER Learn Convolutional Neura
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CNN EXPLAINER Learn Convolutional Neural Network (CNN) in your browser!
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Convolution
Input (64, 64) Output (62, 62)

{@ Hover over the matrices to change kernel position,
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import tensorflow as tf
m = tf.keras.models.Sequential(]
tf.keras.layers.Conv2D(32, kernel_size=(3, 3), N SV Y ==
activation='relu’,
input_shape=(28, 28, 1)),
tf.keras.layers.Conv2D(64, (3, 3), activation="relu'), & HAIAME
tf.keras.layers.MaxPooling2D(pool_size=(2, 2)), 77— =
tf.keras.layers.Dropout(0.25),
tf.keras.layers.Flatten(),
tf.keras.layers.Dense(units=128, activation='relu'), <&=HE/E
tf.keras.layers.Dropout(0.5),

tf.keras.layers.Dense(units=10, activation='softmax') « &&=
1)

https://colab.research.google.com/drive/18IPPkY960c6ijkYD2sudcFgWcoYAskLo ?usp
=sharing 40
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FEDOEDIRUEIE(L 10

10

EPOCHS=
history = m. fit(x=x_train,
y=y_train,
epochs=EPOCHS,
alidation_data=(x_test, y_test),
cal Ibacks=[tensorboard_cal Iback],
verbose=2)

sl —5 DIETE

1R — 5 DIETE
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FED#EDIRUMOIE(Z 10
EPOCHS=10
history = m. fit(x=x_train,
y=y_train,

epbchs=EPOCHS,
alidation_data=

(x_test, y_test),

cal Ibacks=[tensorboard cal Iback],

verbose=2)

sl —5 DIETE

1R — 5 DIETE
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FERDEDRLZITDT
R L&
ZOEE,

EPOCHS=10

history = m. fit(x=x_train
y=y_train

epochs=EPOCHS

RET

validation_data=(x_test, y_test)
cal Ibacks=[tensorboard_cal Iback]
verbose=2)

Epoch 1/10
1875/1875 - 147s
Epoch 2/10
1875/1875 - 143s
Epoch 3/10
1875/1875 - 143s
Epoch 4/10
1875/1875 - 149s
Epoch 5/10
1875/1875 - 150s
Epoch 6/10
1875/1875 - 147s
Epoch 7/10
1875/1875 - 151s
Epoch 8/10
1875/1875 - 147s
Epoch 9/10
1875/1875 - 148s
Epoch 10/10

1875/1875 - 150s

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

0.2847

0.1025

0.0770

0.0619

0. 0546

0.0476

0.0430

0.0389

0. 0361

0.0322

accuracy:
aceuracy:
aceuracy:
aceuracy:
accuracy:
accuracy:
accuracy:
accuracy:
aceuracy:

accuracy -

B{RDFEDIE

0. 9696

0.9771

0. 9808

0. 9836

0. 9854

0. 9864

0.9879

0. 9881

0. 9897

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

0.0606 -

0.0447 -

0.0392 -

0.0373 -

0.0354 -

0.0309 -

0.0329 -

0.0290 -

0.0286 -

0.0312 -

a7 7 A

val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:

val_accuracy:

0.9804 -

0. 9860 -

0.9871 -

0.9873 -

0.9892 -

0.9903 -

0.9894 -

0.9907 -

0.9904 -

0.9904 -

147s/epoch
143s/epoch
143s/epoch
149s/epoch
150s/epoch
147s/epoch
151s/epoch
147s/epoch
148s/epoch

150s/epoch

E % 0.99

T9ms/step
T6ms/step
76ms/step
80ms/step
80ms/step
18ms/step
80ms/step
18ms/step
19ms/step

80ms/step

RITHRR

D5 L EFITHR
—SEAVEEEE 1 0ERDIEL.
— S THREL

FEOEDIRLC C‘:.(L_,

SRS —
f@%

SNAREET —

FEX>;

=B
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Why Deep Learning?

Hand engineered features are time consuming, brittle, and not scalable in practice

Can we learn the underlying features directly from data?

Low Level Features Mid Level Features High Level Features

‘ . IntroToDeeplLearning.com
Lines & Edges Eyes & Nose & Ears Facial Structure

III il 65191 Introduction to Deep Learning 11821
| e @tmdplmgm W @MTDeeplearning >

* * *
Z1—3SIRY RD—OBRSEEXETTRLANILDING—>
MIT Introduction to Deep Learning | 6.5191,

https://www.youtube.com/watch?v=5tvmMX8r OM 45
@ [Why Deep Learning] D ~_—
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W Collapsed detection scores on raw image
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EAES > R —7J (facial landmark)) {
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Wt

A0 1— MME

« BADJ—R(Z, BHOFYE (D351 0 0L E) OHAE
nNE

- BREHENS, BAS > RNY—D7Z3KRe, BADI— FZiED

« SRR : BRI (RADIFE) , BRsSsk, Find
HETE, TERIDIETE, RIGDHEE, BAD 3 RcHBIEME

0. 0512202
D. 0150111
D. 0642803
0. 0438789
0. 0485441
0.0107222
0. 0653341
0. 144676
. 156388
0.12738

. 137432
0. 059849
0. 1569
0.0690487
0. 0250859

. 215287
0. 134682
0.212719
0.0921698
. 019872
0.0154232
D. 0199377

ERRH,
B




RIBOHEE

v & 1.0520316660404205
% 43.86896789073944
107
1 Q2R 1

« ZZTIlx, THEDRIE Angry, Disgust, Fear, Happy,
Neutral, Sad, Surprised DZNZFNDRER*HE

» https://github.com/ezgiakcora/Facial-Expression-Keras
TREINTWBHREY 55
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"gender’ : 1, "age':

30,
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--for danielle, the di is 0.4635717
--for younes, the distance is 0.3( Vi
--for tian, the di s 0.48

for andrew, the distance is 1.
--for kian, the distance 1s 0.8Y9

--for dan, the distance is 0.551

for sebastiano, the distance is 0.4593708¢
--for bertrand, the distance 1s 1.0153408
--for kevin, the distance is 0.80856085

for felix, the distance
--tfor benoit, the distance
--for arnaud, the distance
it's younes, the distance

camera_0.jpg

younes
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Face aging

Input 10

20 30 40 50 60 70 80

Given the frontal view of a single image of a child, an ageing algorithm can generate his faces with varied ages

TTDERBURNS, = FE S F R FERnDER R B Z 4Rk

Ali Elmahmudi, H. Ugail,
A framework for facial age progression and regression using exemplar face templates, 2020. 59
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T5A>SA>H—EX ko

Faces Objects Labels Properties Safe Search

Joy HEEEE Ve Likely

Sorrow Very Unlikely
Anger Very Unlikely
Surprise | Very Unlikely
Exposed Very Unlikely
Blurred Very Unlikely
Headwear | Very Unlikely

Roll: 2° Tilt: 10° Pan: 1°

Confidence 95%

BRI *EDFER

URL : https://cloud.google.com/vision/docs/drag-and-drop
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