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Figure 1: A snapshot of two root-to-leaf branches of ImageNet: the top row is from the mammal subtree; the bottom row is from the
vehicle subtree. For each synset, 9 randomly sampled images are presented.
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3k J. Deng, W. Dong, R. Socher, L. -J. Li, Kai Li and Li Fei-Fei, "ImageNet: A large-scale hierarchical image database," 2009 IEEE
Conference on Computer Vision and Pattern Recognition, 2009, pp. 248-255, doi: 10.1109/CVPR.2009.5206848.
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GT: art GT: forklift
1: horse cart 1: birdhouse 1: forklift
2: minibus 2: sliding door 2: garbage truck ny —
3: oxcart 3: window screen 3: tow truck
4: stretcher 4: mailbox 4: trailer truck L_
5: pot 5: go-kart
-
e
4
B a7

5: half track

IB{RIDFEDER D ZK (top 5 error)
Al 5.1 %
PReLU ICKDEHEDEE: 4.9 %

ImageNet 7 —X &y b (20154FFHR)
D ER D FEDFER

3 H#k: Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun,
Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification
arXiv:1502.01852, 2015. 8
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Input Filter / Kernel
O 1 1 0 1 1 O 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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BIRDEFHAF (TS Python TO0S LD

© x=10 1,1 0 11,
[0, 1, 1, 0, 11,
[0, 1, 1,0 11,
[0, 1, 1,0 11,
[0, 1, 1, 0, 1]
k=[[1, 0, 1,
1, 1, 11,
[0, 0, 111
y = [[0, 0, 0],
[0, o, 01,
[0, 0, 01

def conv (i, j):
return x[i + 0J[j + 0] * k[0][0] + x[i + OJ[Jj + 1] = k[0OJ1[1] + x[i + 01[Jj + 2] * k[0][2] ¥
+ x[i + 11[j + 0] * k[11[0] + x[i + 11[j + 11 * k[11[1] + x[i + 11[J + 2] = k[1][2] ¥
+ x[i + 210 + 0] = k[2]1[0] + x[i + 210 + 11 * k[21[1] + x[i + 2]J[J + 2] * k[2][2]

y[01[0] = conv(0, 0)
y[01[1] = conv(0, 1)
y[01[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[21[1] = conv(2, 1)
y[2]1[2] = conv(2, 2)

print(y)

> [[4 3, 5], [4 3 51, [4 3, 5]]

https://colab.research.google.com/drive/1pcdD-15-2VbLizKb3eg)IQWXn8tBfOuK?usp=sharing 2 O
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J—-U>0

« T—U2DICELD, BFYAXHINELIRS

» Max pooling (NwOX - TF—=U>2) (&, \mXK
BEFHITIIT—U>D

(4 8|2 11 3
7 1|1 2|2 6 s & | & . 4,8,7,1 DEXEIL 4
2 2.3 8,1 9 - [4,8,7,1] M4a=<R
2 2|6 28 4 j\> 1812 e, BKIED 8 #FEL,
3 2|1 2|1 8 3 (3|8 IT5E, YA XL % ITH
1 11 3|6 1 3

H #8: https://github.com/jeffheaton/t81_558_deep_learning/blob/084023876b6cf09c931b452584dbd44c56314a03/t81_558_class_06_2_cnn.ipynb
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BEHAHF_1—TILARY NDO—=D(L, BHIAH
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N —7/7 (CNN) DOR&E

ERDE, VMAIRE, BOAZFT—2327ETH

U\IERE « tEEZFEIE T DIHT

B HE

DIRIR -

L

27 A
T — 3

B

B e e e e e e e

Score 0. 982?020158304443 Label lab_coat

Score 0.0030872616916894913, Label svringe
score 0.0024311079178005457, Label heaker
score 0.0016609227750450373, Label stethoscope
Score 0.00037950885588547757, Label plate
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CNN Explainer

* CNN Explainer =3 —=J7T#}KZ Polo Club
s EHAHEBREDHAZES A TILICERC E
WCTE3d3H51

Web SOYHYTIR®D URL ZHI<
https://poloclub.github.io/cnn-explainer/
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BEHAFEBEET VU DBEEESD

conv relu conv relu max_pool convrelu conv relu max_pool
BHRAKE BIAKE T—U B BIAKE BHIALE T— B
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CNN EXPLAINER Learn Convolutional Neural Network (CNNJ in your browser!
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Convolution
Input (64, 64) Output (62, 62)

{ﬁj Hover over the matrices to change kernel position,
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https://colab.research.google.com/drive/18IPPKY96
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—a1—3I)LxRY NDO—DOVEpkD T 0O S InfF

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'), <& HHIAME
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'), <&E=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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Falibese Aok,

FEDOEDIRUEIE(L 10

EPOCHS=10
history = m. fit(x=x_train,
y=y_train,
epochs=EPOCHS,
alidation_data=(x_test, y_test),
cal Ibacks=[tensorboard_cal Iback],
verbose=2)

SR —5 DIsTE

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)

SR —5 DIsTE

1R — 5 DIETE
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FERDEDRLZITDT
R L&
ZOEE,

EPOCHS=10

history = m. fit(x=x_train,

y=y_train,

epochs=EPOCHS

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

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

. 2847 -

1025 -

. 0770 -

. 0619 -

. 0546 -

. 0476 -

. 0430 -

. 0389 -

. 0361 -

. 0322 -

accuracy:
accuracy-
accuracy -
acouracy:
accuracy -
accuracy:
accuracy-
accuracy:
accuracy-

accuracy-

B{RDFEDIE

o

>

9110

9696

.91

9808

9836

. 9854

. 9864

. 9879

. 9881

. 9897

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

val_loss:

. 0606

. 0447

. 0392

0373

. 0354

. 0309

.0329

.0290

. 0286

.0312

a7 7 A

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

val_accuracy:

. 9804

. 9860

. 9892

L9871 -

9873

.9903 -

.9894 -

. 9907 -

. 9904 -

. 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
- 16ms/step
- B80ms/step
- 80ms/step
- 78ms/step
- 80ms/step
- 78ms/step
- 19ms/step

- 80ms/step
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SE<BIENE=1—SIRY RO—5F, [F—5 K.
PNSDINF—>DHI | ZITOo TVWDEWVWDSERBE ==~

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
NN Messachusets 65191 Introduction to Deep Learning
Illll Jusitiute of @ introtodeeplearning.com W @MITDeepleaning el >

* * *
Z1—3SIRY NO—DOBRSETXEITRLANIDINT—>
MIT Introduction to Deep Learning | 6.5191,

https://www.youtube.com/watch?v=5tvmMX8r OM 45
@ [Why Deep Learning] D ~_—
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IRDNR— 7 E R

https.//colab.research.google.com/drive/18IPPKY96
Oc6lkYD2su4cFgWcoYAskLo ?usp=sharing

& ae-4-2.ipynb
I BE FR BA I L Y- AT BEEE 20225108128

+3-F +FFRk

% MNISTF =2ty Mo EBEBEESRHE (CNN Z4ER)
) R
rEWHR

CNN. CNN [CEBEHAE, —1—-SILRY FI—20ER. —1-3)LRY FO—20FE, MNISTF -5t

e
. MNSTZ =5ty ME, SE5—5, BEF—5ELTES.

- FBorslc, IET 92803
o FBTE, WEIERTO. Bk, FERBICOVWTORRE, BFBCOVWTORETHS. BIozs(C, @I —9%A0nS

¢ ROA—TTRHESNTVBY -AI-FEEELTERLTVLS
URL: https://colab.research.google.com/github/tensorflow/docs-110n/blob/master/site/ja/tensorboard/get_started.ipynb?hl=ja
Python 709 S ATRDZ EEITD
O =-S5y b T—IDE
Za-00H, Z1-0OrOEBEREDEE
O 2HBICETBFE
ERYTZ2RBEHE (ATFr3Y) | BEEHETHIBEREREA MU IAREDRE
O FBOET
JET —5EAOEEEETD

O Za—-3lay bI—JZBVWEERGA
O SRR
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8-5 Y){rixR

48



YDARAR

e

el AR
1"seavarar

1=

)
.
;.j:

i
dining table|0.35

]7‘11 n H‘;) fqil.u 0.45_ 4

93 2
g i




YRR DL E A

Falibuse Lok

taxi EE]

-~
S

BI{RE{ADH T,
MIEAD B Y Z 57 HRTERES
BT & BT ARINGUT A VTR IR

50



W Collapsed detection scores on raw image
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EAES > R —7J (facial landmark)) {

. . Falibese Aok,
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Wt

A 1— MM

- BADI— R, BHOFE (3D>51 0 0L E) A&
nE

- BREHRN'S, BAS >V RN —D7Z3KRs, BADD— FZiEd

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




RIBOHEE

« 2 ZTIx, THEDRIE Angry, Disgust, Fear, Happy,
Neutral, Sad, Surprised DZNZFNDRER*HE
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Face aging
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Given the frontal view of a single image of a child, an ageing algorithm can generate his faces with varied ages
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Ali Elmahmudi, H. Ugail,
A framework for facial age progression and regression using exemplar face templates, 2020. 6 1
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Fig.1 Examples of pose estimation results. (a) Single person
pose estimation results from Ref. [5]. (b) Multi-person pose
estimation results from Ref. [3].
Qi Dang, Jiangin Yin, Bin Wang, Wenging Zheng,
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