AT SHRE '5?3'2*




L ANAEN

hE

~ly

FFEXF BIEUR

. gaofeng@ouc.edu.cn

oy
R

ik

g Blfouc

i

=

AZEIR: http://feng-gao.cn

SIEOUC sEimtis, Easmsi

B FEEIAF (EEFRID
¥ tERESRAAZE  HENRESEA O

v EERFER

ban)

T

cl”
[~




Feng Gao's Homepage X I

O @ O FZe | feng-gaoen 3¢

BER #HE ZHF KRR BF

FH TRER (EIE)
FH pIEER (EREXEE)

« 2020ERKE=ZFHE piistdEiR (A THEEESHEA)

Copyright © Feng Gao 2020




" IRRROERLES
IREHNZ: MTERRE. BEEHISe. DPAIELR
REENL: BRI RIeRIE
IR : EFAFRHEE

'I'

A8 EI’JJFE*_?E%
EEHG/EEF

= %ﬁéﬁﬁt
T FEHBFEN




" IRRROERLES

e LR FEZ(EMA pytorch
HKAESFER 2+1 I
NRATRE, FEEFTFEREM, seRIZENE




R ESSiRA

QQE¥: 733299576

FRVRE
fERT3ZAL, A CREER,

SCAY[E)E Rl




1. ATHE g Mlas# I8k




ANTEEEEEE e

15428kt
LY
March: Pan- Mav: Ot i December: March: Al For April: May: White June: Fall 2018:
Canadian AlS i Sern ; 031 Finland's Age Humanity Communication House Summit  National Germany'’s Al
. tegy of Al Strategy Strategy on Al on Al Strategy for Al Strategy

Al Strategy

¥
A Y g B
FISE » .
~ * e E -

e B B C=

March: Al July: Next December: January: April: Al May: May: Al June: Work Fall 2018:

Technology Generation Three-Year Strategy for P .Deal Australian R&D in the Age EU's Al
Strategy Al Plan Action Plan Digital Growth Budget Strategy of Al Strategy

. ” i @ mreren
/ m= Kk ~ LKOREA4D Mg 91t
mE _ | BRI, I3Xls RAD T5f —
— K
Bi—EA TR SRS A RIRIAE X EX A WA 23 o o 1405t
l l I l R&D MefA &4 :

Bl 2

B&l Wbk Er S5
B XR & EF

ARF—HATERFAHRLIFTEE




L ATERRAA SO
IWAFRKE, ANA B,
A [ i G ™

g

1078 s
A L&EgeR
B HE <5.5%

TOP5

EJES mE =E Led nEKX BEHFANTHEBEHR TR SR
AFRA T & gs L4 (2. 367, "EFERHNA: 275
(% 2617, NA7FK: 10073)

YORLRYE: (20174 ER N T8 ANA 1 2 15)



REHAF

AT

ESREXFORH—ALISERRAREE

E& (2017) 355

&4, BiaR. EETARER  BSREEHE. SERIGE:

g Gr—RATESERRENR) RSFR  SAEEHNGT.

JJD‘E%%?%J\I B e = Im A\

FEANLHEBABTRR, iJﬂ
'EJ\ZL fis e ARG A2 132,
PN T e

HEASEA TEETFRERIAR
= o a e

J:ESEJE*%!AIEEEH

# F B X #

HiE2018)32
e

AFMXTHER (BFFRATERE
BlFET TR B

O HEZN A TR r Rk
O §U2020$§L_w1004\ “NL

BEe+X"E AR SN ST
50%AI%”%*%§%EE6)¥%K




19564F 3 EiA S p Hresi:  “ANTEEE” W&uEs
I

ANILE 8 (Artificial Intelligence)
fE— LB EN—REHATRA AL RE. PATHATEFRAS

d



W A
Tohn MeCarthy

g - SsEEERAN TR

WIBEFLISP, LISPH
LA @R MEES - B
A A TEEREFR
HMEEES - 250
H{EMA,

AL s

INNeY/rel: |

Father of Artificial Infelligence

*ﬂ:%%%' HE »

'lgli, 1948

%ﬂ%%

A Hr 2 %%%’ﬁ? FI T R
(1956-2006)



% R

BEE—TE

Mﬁmﬁﬁ?

R

WAL

Click the shoes :‘

WESTESFEN 47 BA O B

E L)
Q?'ﬁ@ 2
Wda ‘.h

: ! R
5. i

wreEs a0 A XR KB

ak N
Wy &

O ®i#

lI Ll II ----- B

EaET FESREN Bl S hERE O R

pasTEcHan WpSEe o

ﬁ Gz @»g muj

------------

.....




Enigma %1 2 4;

i

S A 2
(GAN)

IBAKES:

N4

g7 2R






2019:3H, ACM E7n, B "REFI=EL" ZFRRY Yoshua
Bengio. Yann LeCun, Geoffrey Hintont[E3X15 72018F/IE
RE, XEERK1966FEIAKDERI—FMRE=(XRE



HAI?H 2y AN

i Sy Hintoni&
o RN B wmw bTEm
‘ : ; # >
Sty H- pmme G
D.E.Rum SVM
el-hart%
FHEEXHR ARBET
_  mhwEwm spaym | OO0
. Nt E J.Jhopfle!d WA T84
| M.Minskyfl ~ ERNPIER gy 19864
S.Papertz st H, BRES
BEpEm EXEFRZI

Mk GR A% MIKE
4 B PR | B 4
FEXFBAAE 19834F

20120 804FEAL

DENDRAL
LR ARG

WA R ER

R R G.GPS

A% 19684F

19694F

§ BHm R
BRRANL 19604

IEREF RSl 5
FREANEA 19574

19564F




L ATHE R R B

By 19434, AT MEOMEA RN, N AR 28 o 20 FE
2 AUFHE: 19504, WHENLS AN TR XERAR (Hlashed
B oEEr ), Rl CERIR

= 19565, IR IATE, AREE A DR R A, .
7z HEBEFARFNLEGRFERGE, PR (e wHEE 8
H AERUER, SEARSCIRANE '

iH 19694, RN EBERUIR K25 5 L5775 5 AT, YR
i HREELH], SRR MR, BER & ARG DR ELEe;

19754, BPELZEIFIGHETL, 26 IAHENIT I, LR R4S
IR FERIN I RRAERTAT, PR BAR KR, THENUSRARTH
Re B, N L GEEE T 46 50

S | B W%ﬁ,wm%iﬂ,ﬁ%@%%ﬁfﬁ%ﬂ,%?kiﬁ%
g W 2% (AR FU 8 WIlEE s tE SR RE I PR SR T LK
Resel, oy U 2 AR T N RE R TH S RRAR 5

20064F, IREHIIMIRE, NLBGEE 7 e niie e,
20104F, FEah HBEM AR, NILBREN s aaiE 2,

20124F, YR 2E ) HEIEAEE S MG iR 5 b SeB R A, [F4E,
b AR T G P K, N TR RE Ak = 5 e

B A

SRR

WAR RE Hith &

LEARNING

22 R G Tt




it EEeE

BPEE BRI BEESIA




- EE

T HEALRA PUET EANCIZ /7 fE

19964 1 O thrh, B BR R KT Hrin 2
FPL4: 2/ i W IBMYR 1 . {HAE19974F,
fhfmzs VG ERM “YRIE”  (Deeper Blue)

(D "WiE" EEE14M, G320, BN AAE
BERL [N HEAT [ bR G AN R e O AL B, Py ia S
JE 200754

(2) WEFIENIZ LT3 15725 LA Al e
TR, REPAT R ATREIR IR, IR AW R IF
fi, K REERE.



amazon echo
S—]

SRTANBE. G2, MESBRRE
IFEE: PLEBRNES CEBAR?



g ATH
He

o
Ae

bl by







%5y P

ANIERE UG, TUETE, EL2E



s A TER+ &R

L g 2
*8
FEEE
Lo
ThRE
3 5 0

SRR

668

/l\ E*}\‘k ‘Tf_\

RZ

SfEA N
. RETEH

W, EEAERS
E, TASEL
LSRR oo

HEER
HRDH
ERAF

P2P i E— A R

ER53 76505

=2
i ol = E S
ERRRRE

(FBED

ERERIENER
@lﬁﬂl
A

@
ba




Co T oT WO )
: Mmm_ 1 “
! = = =g
I o A 4o
' o i oo
“ .1“ “_ mn_ [
! & M R
—ﬂ'lllllm-um_\— “l|||||‘“

%-} T ey EEEE

| R ——

s AT+ ARA

Al 55 3 S Bt
wHE

.,

¢
I
I
I
I
I
I
I
I
|

THEVLALE

| P ———

AT E (ACRRE FE2017 N TR Re+ N 25 PRI Fe 4 i )



WA TERE+AEA
fE

2017 AR + I 22037y, & T R4
RN eRETE, BRSE
W23 A DreamWriter AN 21| 1FDE0 458 5 8T
HfEmt ek T k.

ARSI E (CEE FE2017 N L e+ N A A0 Fedle

)

2017011, S 56 T Me kR
Al Wik Im&E s, sl TIRZ AMES. H
bR B16EN1R,, EHAGM LSS
T HAC KA E



W ATHE

|

l

="
\1
g |
‘1
»

I
B

Boston Dynamics

FUPLE A

-

LN




"o ALER>SHLESE >SITRES
s

ARTIFICIAL
INTELLIGENCE
MACHINE
LEARNING
o  DEEP

CoyG,  LEARNING

1950's 1960's 1970s 1980's 1990s 2000s 2010

Since an early flush of optimism In the 1950%, smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.
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Medium

_ Andrej Karpathy | Follow |
m Director of Al at Tesla, Previously Research Scientist at OpenAl and PhD student at Stanford. | like

W to train deep neural nets on large datasets.

Nov 12 - 7 min read

Software 2.0

I sometimes see people refer to neural networks as just “another tool in your
machine learning toolbox”. They have some pros and cons, they work here or
there, and sometimes you can use them to win Kaggle competitions.
Unfortunately, this interpretation completely misses the forest for the trees.

Neural networks are not just another classifier, they represent the beginning

of a fundamental shift in how we write software. They are Software 2.0.

The “classical stack” of Software 1.0 is what we're all familiar with—it is
written in languages such as Python, C+ +, etc. It consists of explicit
instructions to the computer written by a programmer. By writing each line of
code, the programmer is identifying a specific point in program space with

some desirable behavior.
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Can you formulate

Do you need Can you write the
. your problem Refine your problem
automation ? rules ?
clearly ?
r Y
Manual work Rule Based Yes
No

Do you have a Do you have a Can you measure

Do you have data ? Machine Learning

reguiar pattern ? meaningful feature? success ?
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