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ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

Artificial Intelligence
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Deep Learning
REDE

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time
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1 B S BT B AlphaGo » N\ T8 T /ERER 70 482 https://technews.tw/2016/02/11/ai-history/
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Weak Al

ARTIFICIAL INTEWLIGCENCE  ARTIFICIAL INTEW-IGENCE

https://www.informit.com/articles/article.aspx?p=3100062&seqNum=4
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(33228 (Machine Learning; ML)
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ATLEZE ( Artificial Intelligence)
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= ( Deep Learning)

Weak Al

RNN




e a
&)l|4R Training

Feature

5 IR E

FHAZEEY

Y88 Predict

%ﬁﬁm




e
=
C
C
©
)
—
)
S
e
@)
©
=

=

D % clustering

fication

8 classi

AY
7]

28
A

Q-learning




2023 {HIF/E =Y 10 K% 58

- Al HEEREEZ
- TTFEFRESRE
- Web3 #TEXE
- FRABREANIETH R

- DB ERZRAREE B A5
- EFERFEZERE
- AEERIRER
AR EEANE
HENCRFERE
- RIFFAERHR AR

https://www.cup.com.hk/2023/01/03/2023-tech-trends/



https://www.cup.com.hk/2023/01/03/2023-tech-trends/

b o] =

Bl

N~
-
|
4
N
-
»
—

S EAEDFR
EROETEN  HERARKN? RS A 4RI T B A5 BS ~

BEE a.k.a. AR EREAHRAAERREARTATEMESEMAOHA - 71

IR B FH-
XN A B HY BR IR IR B EEFIRE  HP -
Radar ~ Lidar ~ Camera BERITES R

~ RTK GPS ~ V2X% E 738
P BARRAEREE 4G R

o % E Bl EEEPEHRD NoEE | FHEH SEHE S =L
KB

i =2 mEEA ABGEBRE  ARESEERSHE | AKEAEEEEE  ERENTTUE  EABRTET®
BaERA A HRRAREE i AdRiE e HEGEEBA | MRS BEAR AHEEREE B HEAGERISE
Rt BERSER EFe3-L EEHETTS o BAR—EENA B R A

BIANSIIRBIRER AN R AL « V 2XBxfli °

: B
SHERABMENEE > BHITEAIE o A TRABRR, RE

mEEERmE. .. |
RITBERIFIFH BEREHCH’> « BEFAIUEMRES | BERRTME RELHEHE IEE R E
B REAGE TREREFE BRVIMREEFE | FREBCHE BATBBERK X E &M E =
TIREIEEAE] BRGNS VRIS ER—

T’ —TFEE L

EERABEEERIRIR BEARMREZEERIRE

‘www.moea.gov.tw/MNS/doit/content/Content.aspx?menu_id=346Z0x 7 8 « WikiEKeE - B LU B 4R 75 14 2 SR R %



https://www.moea.gov.tw/MNS/doit/content/Content.aspx?menu_id=34670

ABHR D

BIG DATA

g

1EfRETF ~ ZHEREE - 5IEEZEM
T ABE

Variety

2R

Velocity
BRI




PR T IN

O

$aER  Siri
o
®.
O

Google BpiE

ThER ChatGPT




A RRIER R EIRS ?

RERREVEEME > FLAE 1 B Al AR IS (R AR A A
i o EEAENENRRELRDE » /RBIBBMARREHRSEEN -

https://quickdraw.withgoogle.com/?locale=zh TW



https://quickdraw.withgoogle.com/?locale=zh_TW
https://quickdraw.withgoogle.com/?locale=zh_TW

API GitHub
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Try it! 1 BE ) ¢ sz
Draw Pannel Predicted Number

Download

://andy6804tw.qgithub.io/digit-recognizer-project/
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https://andy6804tw.github.io/digit-recognizer-project/
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MNISTFE SIS B &
THE MNIST DATABASE

of handwritten digits

Yann LeCun, Courant Institute, NYU
Corinna Cortes, Google Labs, New York
Christopher J.C. Burges, Microsoft Research, Redmond
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https://en.wikipedia.org/wiki/MNIST_database

Keras MNIST FFESHFERIE

Training data : (60000,28,28)
Training label: (60000,)

Test data : (10000, 28,28)
Test label: (10000,)

Label:5 Label:0 Label:4 Label:1 Label:9
Label:2 Label:1 Label:3 Label:1 Label:4
Label:3 Label:5 Label:3 Label:6 Label:1
. “
: ) i L}
Label:7 Label:2 Label:8 Label:6 Label:9
Label:4 Label:0 Label:9 Label:1 Label:1
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Fa R > 784 , type:float

ZImageIEF

R BEEMNTRRE
RARIZZEL

, 0., 0., 0., 0., 0.
AO' 0, 3, 18., 18., 18., 126., 136., 175.
127, 0, 0, 247., 127., 0., 0., 0., 0.
0., 0., 0., 0., 0., 30.

94, 154, 170 170., 253., 253., 253., 253., 253.
€4, 0, 0O 242., 195., 64., 0., 0., 0.
0., 0., 0., 0., 0.,  49.

253, 253, 253, 253., 253., 253., 253., 253., 253.
o, 0, o, 82., 56., 39., 0., 0., 0.
0., 0., 0., 0., 0., 0.

253, 253, 253, 253., 253., 253., 253., 198., 182.
0, o0, 0, 0., 0., 0., 0., 0., 0.
0., 0., 0., 0., 0., 0.

107, 253, 253 156., 107., 253., 253., 205., 11.
0, o, 0, 0., 0., 0., 0., 0., 0.
0., 0., 0., 0., 0., 0.

1, 154, 253 0., 14., 1., 154., 253.,  90.
0, 0, 0, 0., 0., 0., 0., 0., 0.
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134838 one-hot encoding=> 0001000000

2

74838 one-hot encoding = 0000000100
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http://tensorflowkeras.blogspot.com/
http://tensorflowkeras.blogspot.com/
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# #1I Sequential JB/51E4H

model = Sequential()

# BEA [GAE] 2 [EEE]

model.add( Dense( input dim = 28%28 # BABE 28+28=784 BT
, units = 256 # BRIER 256 BH4ST (BHA, FNGFEITE, 1EEEFIFRETEX)
, kernel initializer = 'normal' # &/ normal #J{41L weight HEEH bias fR=1E
, activation = 'relu’ # (& relu ¥ZHH

))
# BEA [EHLE]

model.add( Dense( units = 10 # BHEE 10 BT (AAHFRE 0 ~ 9)
, kernel_initializer = 'normal' # f#/F normal #J{41L weight HEEH bias f=1E
, activation = 'softmax' # (FH softmax BZAE (softmax 1B#E, CREEFEHAL)
))

# R IEE I EEM, —

print (model.summary() )

MAE —

Model: "sequential”

Layer (type) Output Shape Param #

________________________ 2 —
dense (Dense) (None, 256) 200960 Bﬁﬂ@}g
dense_1 (Dense) (None, 10) 2570

Total params: 203,530
Trainable params: 203,530
Non-trainable params: 0

None

f i E
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## REBRZIING I ##

model.compile( loss='categorical crossentropy' # i%& Loss 1A%ERE # categorical crossentropy (EHRXNE

, optimizer = 'adam' # ZRE Optimizer RIEILFH)E # adam
, metrics = ['accuracy'] # ARE Model FFIEZEMEFRFEX 4 accuracy

)

# aAREE

history = model.fit(

X = X train normalize
y = Y _train OneHot

Q

INEREIFELaCtE, BEOEZEFEEE history
RE [B/ Features #5168 (mnist 1% 60000 FEE)
RE [BF Label EEE (mnist 1B 60000 FEEZEH)

Ky

T OH O K W WK%
I+ %Iu-
N
A

, validation split = 0.2 E BEZNVEHEE (60000%0.2=12000 FE&&i&, 60000%0.8=48000 ZEi#R)
, epochs = 10 ARE FRKE (16 10 X E, 1B#EX, FJREGEBEI, BalHEigZE)

, batch size = 128 ARE RAFEHAREZLDE (B 100 UL, EEX, JFEEER, BFiCIFEENX)
, verbose = 2 & BEnlRERE (0: FAEER, 1: FHRETN, 2: BS8T)

o EXEG|ZREAEREE EL I
« EXEepochs RENEIG—iHEREE]
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# BITHIRETAGR (EBIE—LhFE, A1EBEKBETIRGER)

# loss: EHAIREN, FRIFRARHREE (1B, XEERLS)

# acc: ERHINRER, 1FEIRIFILEMREER (B 0~1, BEX, XFEEFELS)
# val_loss: (EHHEREEN, FEIHIIRKRERZEE (1B, NREEERLS)

# val_acc: [EHHBEEEN, FEIRVFTILZEMHESE (1B 0~1, 1B#EX, UXFEEFELS)

# FPLRE

print("\nTesting ...")

loss, accuracy = model.evaluate(X train normalize , Y train OneHot)
print ("FIRERENZEEE = {:.2f}".format(accuracy))

loss, accuracy = model.evaluate(X test normalize , Y test OneHot)

print ("MAIHBENENZEEE = {:.2f}".format (accuracy))

model.save( 'mnist mlp.h5")
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BB 7B & Confusion matrix
EITHRRE LA A

A FEfE(Confusion matrix)E—iRE o fEfEBYE
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import pandas as pd

# GTE D RITRRIE
print("\nPredicting ..."
Y pred = model.predict classes(X_test normalize)

£

~

pil

/

sl SR E

i

?ff%gjti: ? {QEJ

J7EMER » BEFRMaH

tb = pd crosstab(Y_test_bk.astype(int), Y pred.astype(int),
rownames=[ "label"], colnames=["predict"])

print(tb)

Predicting ...

predict 0
label
0
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Overfitting[o] &8

* Overfitting GBEF)I|%R):
= EENZHEREEEENMMEZINENA
& BRIEE R —AT{ERIRE

'%%F%:
@ EmMEEE, Ao EREEENRERERASIBEEXRDT -
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Z [Z X 1230 A\DropOutIEE

- IBINDropOutIgE: A 1 fEiROverfittingHJ & 28
* DropOutBILNEE: TRl ARE T, BEt 1 [Tl /2 P i E M 48 7T, LU S overfitting

» DropOut(0.5)> I ZEE /B P50 %I4T
DropOut(0.25)> TN E S E 1 25%BI 1848 TT

# Ezete
model = Sequential()
model.add(Dense (256, input dim=28+%*28, activation="relu"))

model .add (Dropout(0.5))

model.add(Dense(256, activation="relu")) <::> o (5%9
model.add(Dense(10, activation="softmax")) A A1 ?B

model.summary() # A2 HEEE
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o BAJE:784EHESTT
* Epoch=10

AN ADropOut(0.5)

Training and Validation Loss

, P57 /2 : 800 E R 48 JT, B HH B

0.40 - —&— Training Loss
-®~- Validation Loss

0.35 1

: 101 ER TT

Training and Validation Accuracy

=& Training Acc
-®- Validation Acc

T T | 1 Ll

2 - 6 8 10
Epochs
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