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AR H?

» AT, M, AREZIR, F.
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b

John McCarthy
one of the founders of the
discipline of Al
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Iy -1 LUt gy 2 A

Early Days m

e 1943: Mcculloch & Pitts: Boolean
circuit model of brain

e 1950: Turning’ s “Computing
Machinery and Intelligence”

—tHiLh+EE+FK

%Auﬁﬁﬁﬂ¢§x
TRAG

Excitement: Look, Ma, no hands!
ST EAL

—HitE b+ EAER

Knowledge-based Approaches
MAEBI > -
HBEN. BEEX Uw%/’xz
£ L,'L"['—T—;J Enaine-

Knowledge
Base

@
—+—itg
RS

- SRR
\ %%'fﬂf—?—j .

Machine Learning: Chapter 1




AT E&RE vs NgaF3 vs FEFS

- AT Ege
BEIZ AN TR —R%

- HesF>

BEAFKMRAME NNNESHHENN RS

METE NG AR B 2 ST EEERE N SR
— REES

ﬁ%@%ﬁ“ — B 5% JEIERILAIL
& 0 | R EEE
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esEZJ R EEE

® 1950-1960s ® 1980-1990s ® 2022-
IZiE IR JIIMFRITFES KiESiEE
Vs IS Learning from examples Transformer
B RN BP Neural Networks ChatGPT
AN T HE M2 Statistical Learning

o O o O O

1970-1980s 2012-
y ITRESRZE rEFS
*EA éggﬂﬁﬁﬂlﬁngéﬁ ﬁ%}gﬁﬁ%@%
1‘]’%—7]‘)1 270
TRAG "
® o
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AT LAE=NZRZFS (Why) ?
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eSS vs (ESiRIE

(ERmi= 2=

wE—Ei=y  RRENENN— R"E—RER , BIIMNEAFEELE
BIESHIT EDNE S

if email contains “k&AE”
then mark is-spam;
if email contains ..

if email contains ..

TE:IK%&%mmm Magic!

HBSES = “ 5] R AL R AL 4098 717
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eSS vs (ESimiE

R

B —>

o _)[ T j—> R
13835

#iE —> |

o _)[ T jﬁﬁ%

*VERY SPECIFIC
INSTRUCTIONS
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T AL TS A 69 AL

234
=45

Automatic
Language
Translation

'\"\ o
\bzbqod’\
o

Stock
Market

. . trading
Applications

of
Machine learning

Online
Fraud
Detection

Virtual
Personal
Assistant

Product
recommend
-ations
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Deep Learning Drops Error Rate for Breast Cancer
Diagnoses by 85%
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BYAESLE

BiE. FA. B ke
= Google Bli% i

XXFE @ Wik

L BEAERAR,
Uncoﬂed m twigs tie the
sprmg SOITOW.

“9\2\&5’ ¥ i EJ ﬁ

/

P (willow)

& # (missing you)

MBI (i) < W=iE

Google AN BEIERAMTL, RRARME X ,
KRS LTI, TEBDFHEN #(flow) [Missing/from the dream stays
all the day.

JFMEIBMIIEE, MEIEENgF, F
BIRERT T 55%-85% A £, BEIXTUHEAE

% (dream)

% %M K i%,.

IGMA T Google Translatefy ;R &H . ® FErr After blddlng Farewell to you, my
‘D 111/ 5,000 f'Z\(f‘eelll’lg)
/ feelings|flow like water.

(T

With regret hard to release,

Google's neural machine translation systemis
launched. The system overcomes the

challenges of working on large datasets, no

longer breaking sentences into words and

phrases for independent translation, but

translating complete sentences, reducing

%'%F 1 %1008.1%.
errors by more than 55%-85%. At present, this

when reading the letter from you,
\g ) I burst into tears.
technology has been applied to the Chinese-

English translation of Google Translate. . . L. .
: - . Chinese poem generation. Can you distinguish?
< 0 %

Yi et al. Chinese Poetry Generation with a Working Memory Model. IJCAI’18
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BEARE BEENR  RRRE  XENE

®x  EOWE  EE 28 /G E

EXRENMEE LEER
S R B A X
\3’% RANRNEFFHE

PrE—— Yuchao Zhang

REEEE

Qe ® RMREFR: 6
& mmER

R EHEAEEE

W EificR
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'"TWITTER_BEA

tter.com/1.1/statuses/user_timeline. json?screen_name=$

headers:
Authorization: 'Bearer

1&count=%1{
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AlEE|

DALL.E
https://openai.com/index/dall-e-3/

Original: Girl With a Pearl Earring by Johannes Vermeer
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She is smiling when
and the man doesn"
the first to smile whi
comes out. He gives

@ colab.research.google.com/github/mrm8

©) GPT2_with_JS_Ul.ipynb
Runtime Tools Help

& replicastudios.com/project/c25f4a12-8ae5-4c80-ef5-befbBee117c/empty-room

Empty Room
B Actor x o+
"Maybe she's still gr & C & artbreeder.com/video/1023f8356ba14d1d

AB

=]

* @ :

Create Browse Profile Q) =

fps |60

Images Seconds Frames

apply all apply all

apply all

+Text  @&to m — -

Deiue C @& jukebox.openai.com/?song=799444969

‘You have currently loaded GPT-2 1558M mod|

GPT-2 that runs from colab
with Javascript interface

Jukebox Sample Explorer
Empty room.

A man enters the room. MODEL COLLECTION
He look out of window and says: "It
The woman enters. She has white di
The woman: "I am waiting as well."| 5b_lyrics Re-renditions
The man: "For how long?"
The woman: "For a while."

Searc Search..

5b_lyrics Unseen lyrics

Listing 7116 of 7116 songs

ARTIST TEMP
Search... Se
0.99
Simon and Garfu 0.9
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¥ (What) ?
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F4Z2N=5%3?

AKZE3S] vs. P8BS

| can learn everything
{ automatically from
Human experiences.
' Can u learn?

i
 {

/ "”.Yes, | can also learn
- from past data withthe |
% help of Machine learning /,
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AEZES] vs. HZEFT

AR
48
St

Y
iR %

D &

\

2L

&
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eI ESR

y N X f'* 2K
A7 1 X #1 HIE (2 5)
B T i
X A D = {(x(l)’y(l)), (x(Z)’y(2)),
AF (), y00)
=
22l PN X
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EaF IR OER

(NEHIEABEES
HiE+ R BEES

ER:
#1 %3E (2%)

#2 =& (Ri%)
y=g((x[0) te

e.g.y=wx+b
where 6 (e.g., W and b)
denotes the parameters

N R P LA 2 B AMAE?
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eIV ER

how "wrong" the prediction is

2=

#1 R (B0)
#2 =3 (i)

#3 KR %& (H#F)

=, LOD)= wanm VT2

%o AT VR4 4 A 6 AR (1 46 46 A7)
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eIV ER

‘1 =R
#1 HiE (&F5)

i X #2 =R (i)
#3 115K R (H4R)

#4 UILEE R

0" = argmin L(0|D)
6

A
+ " - ﬁ-> Parameter space
S L

4o 4T, B R AE €942 & 2
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RGN | HEmFIBMTA ?

— v
A &ZxX ] \
MBEFI)E—FFALITRREIKR, FBIRBELES D
AALIRBAEGHFAT, BIEAKIEP AHRILELD
it g (A | FARmtiiba s (i) |
VASE LAF 2 89 B A (Bes DMEAT R B 3

\_ J

2 Gy
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I EIELR SRRV SR

Ao a5 X b BB T R 327

yoint in 1994 and a girector of ADIC since 1986, |
ictober 1996 NIE VAR DDDeN served as
Prior to 1985,

) and at Ban
18 additional expenence in medical electronics an
jerves as a

\ from Whitman College and an M B A from Har

vas a Baker Scholar [SJ % /pCA/ ff%“
JIE 32 BX

TN Fef ¢ A2 ) o £
B S At 1 1) 52 2 K
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I EIELR SRRV SR

[E{4/451EHEEY

x(1)
A

raw dma/ featur.e r X 1 (X(h) v
features extraction
X2 X(tz)
- = Extract: X= )
0 # intersections . '
1 o ‘
0 #— ¢ v s Xn X(ty)
0 #\ {
0 # holes | L >0
¥ - |1 Otyty by ths b
1 0 3
: 2
: %, = |1
1 £ 2
0 1
27
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W{aEEEH=F > R 5 (How)?

“Hello-World” for machine learning
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IR — MINRFIREG ?

— /\

(@ B KRR TR
= BB/ OEUE? EEZ/MUN @8, 8. AJRE)?
Q) B NIEN AR TR
« SAETILNE, $FHREY, FE.
0 HEIFASEERERE
@ IR AEATRETE
® EEFT— IS

|
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@=Ll (A Working Example)

(15 BaVKRDHRS
HiE
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SIE— . HUEIGEE

e Tell me which type a specific fruit belongs to
BEAHA 17 2~
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TR PR IE

Different types of fruit differ in size, lightness, position, etc.

® 2ok 3g)

N s .
® o0

EBRBE= HEARRE
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SE= : 4SUHERY
BFEN KRR AR —1 =

q%‘ﬁE . apples

ﬁﬁ’@: AR 1 /\ \c
Wk EF 0 ! ~ ¥
j(/l\l 3 3 & )<
o | >~ A
N
HEAE: O | Ay X
Be: Ge [ > X
R
AN 2 |:O:| 7\ -
color
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FTEMN : 23] ()I4)

Partition the feature space into 2 a/pp'es
regions, one for each type of /f\ &
fruit ~ N
.. %
e decision boundary
o ~ A
N
D1 x ¢ X
y X
ANV
color
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SBA ik, Ml

How to handle new images?

apples

AL

[ N4

TR X X & norange Classifying a new image
o » A% using the trained classifier .
y X X
A x>
color 7

How to measure the classifier performance?

e classification error rate

* % patterns that are assigned to the wrong category
* other aspects may be important too

* e.g. computational complexity

* e.g. user-friendliness
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aFJE
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ez 3%

. KBS
o FEUESES
¢ LS

Regression

Supervised Unsupervised
learning learning

Machine

learning
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mEFY

o ZIBRAIBMEINEAREE — I Bir iR,

Input data

ﬁ Prediction
n S Its an

apple!
Annotations [\/lodél

These are

apples b ?

B “EINHIFE

o XM AIRA & A R A G954,
o 7% 3] AR A }fT/ﬁ%\%@
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Model

[ Machine Learning

|

Sentiment analysis

L
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mEF

[5] 3 &) =2

30x32 Sensor
Input Retina

Machine Reader
Learning

AN\Y/4
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o EF
YIGREARIE SRR | SRBIERIRATHRE

o e . eeee
3 §2 . e R X

ibi Model " 9

» TR
- 1 : RIS, B
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e In the early stages of an investigation, it may be helpful to perform
exploratory data analysis to gain some insight into the nature or

structure of the data.

Machine Learning: Chapter 1
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o EF >

PRUEFIMSHIEIESE
o MEREXEROBIEAIHE | PR REURYEE

5l : ER3 T (PCA)
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Zom T

£

L -

0.8

0.6

0.2

0.0

o—do @ @ \._¥

nH’J#E‘IK% 1$1+

Color
mf, Applications
- :2 * Density estimation
Efj e Data generation |
e Abnormal Detection

7 8 9 10 11 12 13 14 15
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Zom T

B & X
FHARBIE IR DTD Proge(X) EIABKEIED D PoaraX)-

Pigea(x) . 1

4 'Sy

pdata(x) p (x) .,; - J
\ model /Y /'.

/ High )
Probability
> Image \ Low
X1 X2 X3 X4 x Space K7 Probability

Machine Learning: Chapter 1 46



ZmEF >

FHEHM - find the least likely observations from a dataset.

Example: network intrusion detection

NETWORK SECURITY
FUNCTION

OUT-LIERS ~) Web Application Firewall v - pon

(WAF)
Intrusion Detection/
Prevention (IDS/IPS) v v v

@
AntiVirus Detection/

® . Block v v o

. . . ocking
¢ ® ] © URL/FQDN Filtering
] (includes Explicit and - v 4
@ [s) Category based profiles)

Data Loss Prevention
(DLP) - v v
Layer7 DoS v -
Malicious IP Blocking v v -
GeolP Blocking v - -
Threat Packet Captures v v v
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AR (x, »)
XIRIN B, YRR

F 3 H iR F 3 REREY

X —>Y)

\ﬁ\ ol EXDEIF

HBBESS: p3. EIER. B

//

BIE: x

RS

BRI

O Emmes )

YRR, TR
23 BiR: FIEAEREE

HBESS: BBk,

FRZE. W

//
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Rl

- B SR E RS

N % Action a;_;

A

~ Y € [ Agent }Reward e {Environment}

1}" \ compliment :;' 5
' JL \ State s;
i« L Observation o;

F IR (states) BIENE(actions)AIBREY , LARARMWIKERRFI(reward),

___________________________________________________________________________________________________________________

___________________________________________________________________________________________________________________
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3]l

internal state “Nreward

inverse temperature

learning rate o
discount rate y

observation
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Rl

z:451: AlphaGo

AlphaGo Zero

Starting from seratch

e

Policy network

Py, @ls)

¢
e

Value network
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(L B A
2 051: H2EA

o HIN: RIREHE S AIE (5 S
o HIHH: S0 A SRS IR I AL R (B S fE 4547, wall following, etc.)
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B3G5 G N LEBRT A IR N KE?
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o

FIRZ AR HENIZF ) ERAETEICES EMET?

[~ ¥
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o| »~ A
N
" ey X
y X
A K
color

chD[zﬁi%%?]
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”"C*f
/‘K)(

Size

QN
> A e
.ﬁgJ(
¥ X
v
- —> +—= —>

color
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RIS vs HA

RIS - RREABERTE  BHE - EEETTERSAICE
ZBESLAE , REURIRAEE || 2UERVAT QNSRS mAEE
ZNavi TERINLE

Error °=; .
AValues AValues S AValues o “U\'b
L3 Y -
...... ' o ’ 0.35} ,
g o LY e ” . \’Q i
Time Time ' Tim(:a :
Underfitted Good Fit/Robust Overfitted w

Complexity
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PISLEG: (ZEFE)

. M FERITA R A BkRidid B ARER#E C EFATR P

. BTG, ERRE A 15FE5HF B mRibfT C.
ﬁﬂT@ﬁ%%%%,Tﬁﬁﬁﬁﬁi%ZA.

B,
O Cfo o §"HBEFHMIEC,

o HXKHIDHIED,

|

:_\EL_/\ = [/ \ 7 'E\\ Iﬁ L .
= KBk VR E R i

T—
r;j {jEIEﬁfngﬁiiE/]%/E} N o EEEA LZLIEA,

o ANEN"FHMIET
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BRI

S B E LB GEA
ERAEEREES S

o« WK IE
ENf (AR & E)

o BEXIA & XXk (4 B A R 0 B8 K PR 2 A Bk

#)
LB
c B ALB AR (o)
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FabE— - HuEXla

R SRS RN IAMULRIIGERN 7.
s ATIHMEZWIRE | BEE)IZRIBHRREB—ZB o R AETE.
o #WEX5> (Hold-Out):
> Il %% (e.g., 50%) EXTTD
>~ ISFEE (e.g., 25%) ETETS
~ MR (e.g, 25%) [ HAL )

In general, design a good loss function to indicate the performance of the
predictive model over the whole-data distribution instead of the training data
can help achieve compromise between simplicity and complexity of the model
structure.
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¥ehte— : 3 XBEIE (Cross Validation)

do AT L X| 20 3E, R G o F| Bl 2 4B 0| 457
(F5 7l S EEENARR N BHR)

Original data, divided into k parts

i 2

Training data Validation data

% e Allow for more train-test

splits

: * A better indication of how
Round 2 % % well your model performs

o K-z 3Gk

Round 1

on unseen data

e Takes more computational
I power and time

Round 3
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IaE=: B{= (Early Stop)

s EEUGITRETRATZE 10

Loss

2K

Stop training
' here!

—Q__

—0

Legend

Validating

Training

Training Iterations
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fanElY: IEN{E (Regularization)

o WS EUENNATITRES IERENT U )

Ho

-

L(W, A1, Ap) = |[y=WX]|? + o[ [w[lo*+ Ay wlly

FEREREIIE
SRS

Machine Learning: Chapter 1

61



No free lunch I

* [ REIEAIRTRIREE
o NEtEE R ERCAIEFEAIN A
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T WHAT'S
ki NEXT?
s3I E R

o MBI EFIEL
o HUR/NFE

House Price




