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Fig. 1 New era of human civilization development
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Fig. 2 Key idea of deep learning: hierarchical compositional

framework of feature representation
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Fig. 3 Two types of activation function (Sigmoid, ReLU) and their single-layer, multi-layer gradients



—t

RS S48 2018,36(10)

www.kjdb.org 33

KIRR I ZE ReLU 14 43 Be 2 P BT pRE5E: S IR B2
o) 2% i 0 i ) 2 ) OGS R 28 0 2011 4, Bengio AT BAT
WIS RN L5 TR 10 48 0 45 d5c 3t & FH Re LU A M 3406
PRAL, 25 1 ) B R AL 45 ReLU 5 A 28 o0 B9 AR AL
PRI Sy it 28 T0 0 e By A 58 4 VAT O, TR — 264 A
[ S N7 BRI O AR, B — Ish ) A A BT RS R ph 40T
BB Y . X2 T AE R 2012 4F Hinton A BAP B R
FH R B 25 B 4% i A5 ImageNet B iR PE B8 52 T FIS &
fiili

KT ReLU LA, 8] 3 25 H — ] Sy Al A, BV LA
FETE 2 2 W28 5 1) AL R B R AR A , AR Sigmoid 1)
FEEEAE RO JG 4 Z R EME AT, OC T ReLU Y ELS 5
FE 2012 4F 5 iR FEARSE , il 11 2015 4F LeCun FIBAHIERA T
TR BE P 22 X 245 1 400 2% o B 1 i 388 e /M 24 R e
i, FLARES 5 e B LA BE T R i 4R 3, by 7 38
b e R T IR PR 28 N 2 S BRI ) — A
B

AT DAt DR BE i 28 P 2 (1) AR o 2ok AR 22 2 ik
B AR R EOR U5 T 5 8O , e S~ BUS
o A A 2 ) e g — S i i R A T A )
LN A —Fh oA . 2 BRIk, FIE AR D52 bR N H
[P R TR~ 2T R, TCie e I 28 454 A 2% Fh s+
AT, SCE TE R EEE LA S Fh s HER T, &
A T — A, B AT i U R s A — 1
PR ARABIN IR R 4

PRIt , 285 58 e [A] I8 R 2 ARA574 Judea Pearl (1M
R TCIRTR B2 ) HORBUS Z2 Kl , £ FiAH G o 2
LHACINTT FRATT A VAT 5 e L ify e/t 1T 40L& AR
o, AR O A IR R R BE A 2] T Y IR FR
THFE AP R L TR ] BORAR Pl e
AU . BUAE R R 2 ) A G EOR 3 T #.,
DABORT LSS 2 AL ESR , i T2 THAE 0 1 9
fifi A5 4 K Z2 BN W] LU B 403 TR R Ao 28 T 4% 1 FH 4%
fE , 246 R 2R FE AR X SR e 5 i P A AR 240
MBS, WAR XA Bt — ML A, /T L
PN TR REHUC . SRAR AR A H] T 2018 AFA) 4t 1Y)
AutoML T ERBI48 T RS M 0, 15— I 4 i
TR P 28 I 245 (1) N AR BE A 28 I B . A AR W) e
HHF & 4 AlphaGo Zero 7 At FBI LR FF L IE W T SEH LA
I 2R AR AR AR DL T 22 T AR AT DI, W]
DL, , 5 22 (Y AE BT 98 I 2% 45 4 R AR A B8 7 (R BHIF

AR . TRBE 2= S HoR B B, TR 4 Bk = A
T TR TAER SR

PRI, U 2 T MR IR 2 SO SR AR A Mo R T
BARGEIRL S, SRR PG BT L MU A Sk A S
Frmi S, R Es & T AT AT R AR
Pz, SIS T — DRI R R R . 4R
M, R 22 2 i R AUL& BB ) B TR B R 3 &,
R BERL A ) LA S IR IR WA 2, AR PRI 4 )
s TR REA 2 IR LTI e A IEE
1.2 HEERZFERZAE

N TR RBIRBE 2% S BOR M) 12 o K 2R fig
BRAM A . B RER AN S — T TIX B F H SRRk 2= Figt
SRER B R BRI AU S TR S R
1R AT H SRR HERE SRR 5
PaBher 0 & s UTAOC , B RER A 2k 5 — M A R
Bl it SR A O, X B R e R 24 1 AT 22 Al
Hf.

BRERLAE N TR BT Ja o SEah Rl , N T8 e
BHN TRER R B —T TR 2R, Eew e
DS N TR RET ZAT A FE B2 1% . %50
TN TR R 325 59 N TR RE AR N T3 Re Ak
ANTHRE. SATHRERBERE - FEHMATHE
e, BB R RN TR B ESSAN TR, AT
BHEFE M2 5 KRN TR GE, NSy =18
EABREM . A TR R R R LI A b 2 E IR
FIBER A NGNS . AN TR BER HAR T LUEYE A
4 H—RN—FAT8) BN SRS &
AT E . R HLAF RGN — R 135, A2
JEFRE RN 1 . XA G — R A4m
R TAE. A 3FhIMETT DLSE X Wi 45 -l it N
— RN BTy 2 O PSR —— WS
WXT 52 SR J5 S 5 LA G 3 il AR —— S R I 1 7%
SR, BRI, ELEAK, NJTF A & R R R
DL N AL S DR AN IANAIT B 0 A 1
Z N A R AR

YRR EE R 28 1 LR T BRSNS & 5T AT TS
TR0 2 45 (R B A A o KRR REAE S 224
NZEIBEA W B S, AWrs R TRHESR, &2
Tl F BT T E M . REMIRRLET T 3255
R ER ) _E AR AR R A T B Ee ekl
SONHIBAIF ST, P28 A W) 230 o A O I 52 55 T Bt




—t

34 www .Kjdb.org

RiE=2482018,36(10)

MU T4, AN W 1oL B FR A A, 3 4] B A 4
ARG TAEALR , ] o k1 2 e 2m ML DD 1 0L
— BRI WLRUE (R 1 sl ) REAZ G S IR (IMRT) A%
S5, M2 AR W) P TG T2 V)RS R ORI AL
R BT R RO S 3 S 4 OO T B okt
Z, ILAF R K R I PR IL 8 7 BEROL 27 R B ACKE
JEZGI T — DM H . B AR BRI R
FUM AT RS N LA T g i B N7 B BRI AR R DL
(L IPNIE s CE AT N L T E R TIE7 B BN
Besg b X R T AR AL AT A, i i it ) AR L
TR A i e B A 2% B K T AR BILAR], S5 2B T B
FER , BB A B OB — B AN . S0
A0 BRSNS G, A REAS B T SR AR R
191 368 A ORI 25 IR ik s T A DG T 284 (SDTP) ML |
BOA N AL AN 2] W 227 Rl X T o 22 1) 2%
R i B BRI . BR T RGER R bF
5T, FRTHR e fie 22 14 2 S o7 2 18 28 i\ T3
REFIL (RITRE 2~ ) SO S B (I 2 R 2588 ), A
LAl NN B CInpUE 28 D5 A RE) o iR
IR AN T RESRE 5 LR S B2 R 2 S
g, 2 T RN TR REA R Z—. T
P NSMEEA f T HAE Tl A 7= SERE i B | [ 5%
A S AU ) R A B A, 7R N TR REROR B HE
g &, Mlw AT LSS B D e P4 LURT A AT 7R
FHAIH S A B 5

S DR | [ B 2l R A 1 25 A8 R
FERIM TR R, 7Ef 2L~ R T fiE
BORZETT T EWTIE o I R ) B AR JE T JS AR R
RETH S DG B , J2 R RRIB A JIE A4 O 1l vog s, E S22
N TR, R O AR DA R 5

NTRBE S HARCEAR HB A 5, 4 AR A ARG
ML JEAE o (EJZANATIRIA , TR E 27 > A i R hy
S pRAGUS , HEOR LA AT AR AR R S . AR,
FIATAY N TR BEAK IH A T 55 N T REVE R, 7 17 55 A
TR RENTE T REAYIE BKIH— IR 55 o X i

TR, R LS TF N S 1 BB, 2 e R GE YR B
o WURE RS O A TR TR
TR WML, e SR AR 2 )5 S s Tl

Z BB AIREE T B JOR R AT TV i
%t R RE R E R TRBEE ST ST
P ATAE SR, Hinton 858 WETR FE 27 > E A KR B
RIG,— HAEEHE, Tl Hh S B ) AL B R
AR O NI 2 S0 B T e 2, St e 3
LRV . LeCun™ B X HLaR 27 ) 1 & AR 1 T
B A~ TR A ] ML AR T B — SR IT )

WA TR~ M A2 FIDR A L7 ) HAb 45~
HHITRE , HE AT A2 TR Rahimi 7R 5 31 Jm #2805
BB R SR 22 (NIPS 2017) BT S FIR R 2 1Y
WFFE LM R R AR, A B il 2 PP 2 i i TR
JE 27 ST WFGEANAN I T 00 45 45 K R 2 B0 A ) e 221
e A B N, — [T R AT SR Y B
wZ LRk,

TEI AN S BRI A, JEARRE A 5 7 A AUk
—F o LeCuniAJy: T2 SURETHIE R HIT
Fe Tl ZRRNE TSI G EHLE TR R
SE o XTI JRRAR P T2 B Poggio DA Ay > FiT R BE 2%
2 RS T HicH , 1%z el 3 B AR RE ok, BV
FlhegFp 2R, LA e e i B A RE 2 n ey 7 /1
XA R ARAS R R L

2011 4 P 22 2405 2 | DUt 387 0 2% 1) S5 3K Judea
Pearl" 5t K 10 SCHIAR T HLAR 7 ) BIS Y Al BE & FE
T3 1) N TR B~ 2] R AS S5t BT R UL, L DG HK
AR Bt BRI A TR B . Pearl IA 95
N TR RERIER R ZETIAPIRIE R A H ¢
B (association ) . 32 H. (intervention ) f14H £ (counterfactu-
al) 3N JZ I (4" o S FTR 7 A5 B AE IR A 2
1T, PE3C B2 TH 7 225 A B S M R R T
TER G T 75 2 B A B R RE ) o ), flud il
TSR FH AL AS N S B ) P T+l e R 2R 5 2 1 DL IS8 o) 2%
SR T HRATT — PR N T RE

RIS rftat MRERIAERHEWT SR
ZhF Eaf? 0o TR, BT
8% =ERE? WERANZZ AR 2 B

4 Pearl 193 )2 RRKR

Fig. 4 Pearl’s three layers of casual relationship



—t

RS S48 2018,36(10)

www.kjdb.org 35

TN R ZE AL AR LE IR N T e A BLAR |
SR SR 1T T REM A, A T8 RE
=R R 6 A J7 1) T EHLAGE L A SR E PR S 3SR
N S HERRALES A2 (R S ML) o il
X F N T BE A — st 2 5 Bl o e 56 A
SN LY NVAT Y N4 € VA S QL DN L
FERZE . DR RERE 2 AR 0 5 Th /R SCHB IR R Y 4
— 4 R A T e N TR RE AR R RE R
AR — AR A A P PR A A i B S HE R T
WFGEZ A0, X I A2 Be R = B R AT 42, R fig
BB e — S ARG R R R 5. &
REAE N —FP RS i RIMAEA A S A SR A SRR AR
HAEHAAT AR T, A AARE X LA T T g b
RAG—1 ) AEAER FEAR TR IR XIS EH T
T BRI AR S IR — .

1.3 HeeRlFEEWEEE

FRERL 2= T RERHAC T A0 1Y S SRl B
() NI AN 1 SRR B S HR o B RERM# I AN
Wi S5 RN S AR TR N5 s 2 i 24K )
W, (R RER AR R IR 7 A RR %o Ak
SEFEANS K2 ), R ke sy 7 N —E]
SR GE e N SRR S EA TN T
NG NIAS B 1) 25 41 BUFn TAEHL 5 A FF4h
X E R, W] ARG — A 1 B LA — A
M AEAFAE R A T AN S a5 B 28 |, WA AT fig
BA NFERe. BTl , NJSB AR = SNt FE0 Ak
Tt A IS B = AR B SR AT T 5 5 R e
— RO )R, BRAT b2 B X AN T B A A 4 A R
IS IA R .

PR LR RE ARk o7 S — 1T DA A s, B 58 A ki
5 AR SR EAE R A5 A EAE A, A S A
Tt SHEAERNZR . EAMURE T —ERefliid A
i JE P ) B 2 R L IR T 2 A TR AR A A
[R]E Y ARR A Tl R ANt S s AR ) B A 1 25
PRz,

FEIX — WL ECHE N T e 53 BT 4B B .

55 1B BEWF e 0 42 S NS BE i R D A 4 4
2k, B E SR IEAR IS T NS ] S8 28 2%, A B TG
B 5iHR s a4, kR —E 0T DL si R 5 AR
AR B TR, W DR B e, X —Br
BEi) B AR B A T HLA A A A4 LK

i 38 FH 2 2R R e 27~ Sk

55 20 B BERT ST G D9 Sy B S R
“HNIT R EAE NN ARG B S P B
P52 B 38 ) BRI O A b AR AR R RE
AT LABRZ MBS R . W B RE B RESE N 2 UL TH: Y
AT RE, LA A o F4 15 ) B RE L6 AR Kl
REAIPYBLAE . A S o B i R ) B~ PR A R
A BT ko T SR B RE , R HL AR B )
PR SR BOR BEMR, ASSCER 2 T 1 HE RO e i vE RV T
—wWE . WYL RE AT DU RSO A SRR RE, B
FERERGIE I M A AR BRI N TR fE

55 3B Bet 5 X RO A N st 2% T Ay “4h
J17 5 e T B ] = 22 5 Al A ARAL |
WRTHE N A 23 T 0 A AE A7 I RE T, AT AR Z R0
HUERE, o) 2. XA BT e S
RE 2 1] Y e B A EL A, 2 TR A s 48 R 5 Dy B
REJm T—Br R 6E, O AR L S e

BB B LA T L NI AR 9 9K sl
WA B OR 0 BT R A I SRR K shod AN T
RES L EA T IE R~ > B 2N )

55 AN BT 50 5 o AR AS BT, R AT
JE— M RACRE A I, N TR R TR e ™ AR R
— AR K — AR [ T SR B T A 6
—HTRAE SR NN A — sl LU E
2 A ARE R TR A TR,

XA (K S) B T8 BEAE A A it e
AR B BT R R X GANA]  HHTE BER A A OC Y
WFFEAEAE AR 1 X 03X 28 [ Be, 1 XA 23 B Be i A 1
ARRANE SCT R BEA T . AR RE L0 7 Bt A A
VRSN I :0EY/BE ES N W ks B VN AT et
DR GE. N TR RER A MR X — M. Jodt
Sz TN TR RE S, REAE IR N SR I ) 2
AHLRE, U2y ~] CHZ5% o XM S B S 5 B
AL A R RE, B ANHL AR N BERE X AU o A
[e] B B B AT 5 AT LASFAT HEA T, AnAE A RE B0 58 &
WFFE R AT AT DL AR B A B REBIF T o 0 dn
T B TR B A 22 I 2 B, T LA G 15 A E
PR IR~ I B RERIT I . B e S ) LY
REAT AAH AN SE AR . N TR BER IR T AR
REAH 5 A A RETE RS 7 B R A 2622
AWML, T RHLAE S 2R AR T AR



—t

36 www .Kjdb.org

RiE=2482018,36(10)

I NZEIRE ST 5 AR, B P PR 2A BRIS AR R AT L)
HS B ATT & BAAE S — TR B A ) 3 g

W 2 AN A, AT AT BRSO S i i B
fE: 1) B A T B B S A FRAT]
AT DURE ) PR N TR RE v, il L e A2
R [14) 38 10 o8 R M B B RE T 52) SRR A
B R 2l PN TR Re vk, i LA A RTT
REPHA DBARE ST o 565 1 s 2L N T3 R i P38
FHAT S 305 | B e 1 A5 780 ke 5 Bl 93000 A5 7
KT 2 5, 8K AlphaGo Zero S5 25 10 N 265 MTT— 8
AR L, 38 e 7R R UL 28 12 2] 3 K R i A2 3000

ARSI S, UM ELE I G — Rl AT R4

PR, T3 ) B AU A5 2 B RE A G . SR
READLAS ) B RE IR AR A T AR e s Y 2
YA R 1) Bhr B diar NN T4 B 5
HRE BRI R BIE R AR B 2) R FaEr T A
A IR P BT SO AT TS0 LRI g
AR TR TAR AR EHE AR B — A A T BE R
o P EE REK SR RE , RO At A ) 2R
SRR RE VEE . A0, Py B2 1 A KR L
S8 3 L et N DS BB T IV 4 91 T L 5 i )
W B N R REIA GV L (K 6) o

BREMNE

BEAXES

. AN -l REpEER
{ 45

=11 KR EE
rxwie [T sesie || i || ERA
¢ 1r
KFTH B AAte LA
K5 ARRERERFEER
Fig. 5 Architecture of future intelligent science
| 1
-~ ‘ ‘\ fesm
10”m EFH¥ | ETHE _
| | BRI Ao
‘ |
100 m 1 1cm 0.01cm 1000 nm 10 nm 0.01nm 0.0001 nm
BAT o . I | | I |
10°m & ERYF WA £ F B bR PYYs gf X444 Y s
AM FM Rodor TV %
= — # -
& P mm
el ik IN-7S: 4 ,
3x10°m/s 3x10°m/s e

Ko HyEiE Refel N Bt S RE ) LR\ i

Fig. 6 Physical intelligence will excel over human being in adapting to the physical world
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Fig. 8 POLSAR EYES: Near—real time SAR simulation platform for large—scale terrain scene and targets
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From the emergence of intelligent science to the research of microwave
vision
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Abstract In the past decade, artificial intelligence has attracted a great attention from both academics and industry, suggesting the
transition of the human civilization into a new intelligence era. However, the "intelligent science" has not yet developed into the science
foundation of the intelligent age. This paper, from a specific viewpoint of electromagnetic information sensing, discusses how the intelligent
science might be developed in future, and points out that the human intelligence and the external world form a pair of inseparable dual
problems, as the fundamental nature of the intelligent science. Therefore, the development of the artificial intelligence goes through four
stages according to the objects and the related disciplines, namely, the mathematical intelligence, the physical intelligence, the
psychological intelligence, and the free consciousness. In the first stage, the mathematical theory of a general learning algorithm is
developed to form the basis of the intelligence. In the second stage, the physical intelligence is developed to deal with the physical world.
Based on this, the third stage of development responds to high—order intelligence involving social groups, while in the fourth stage, the
nature of the free consciousness and the question whether the artificial intelligence can finally become a conscious super—intelligence are
studied. Within the author’s own research field of the electromagnetic information sensing, a new concept of the microwave vision is
proposed along the direction of the physical intelligence to explain its key ideas and essential problems and to paint the roadmap of its
technological development. Taking the previous studies of the authors” team in this direction as an example, we further discuss the research
and development of the physical intelligence as one of the specific directions of a general intelligent science.

Keywords intelligent science; physical intelligence; microwave vision

LG XIET)



