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FER Y E BB ERRIHES) T, B RefE a0k 1
PANT AT IR, IE AR A A EREE AR R (1], Tl
VIR LA, ] SEH ) i BT IR 072 7E LB A B AR (23]
IR S 1E B R BARAZ IR AR 22 S 502, AT IN& e A 2
A S A E. S w2 AR A s
(high volume, velocity, variety, veracity, and value, 5V) ]
i3 K HE[4-5]. ERXFEE T, RIS PEAL € il
(mass personalization) {EA—FaNH AR 2185,
Ak TR I e s R [6-7], TELL—FEINE EM
J7 X HA = RGMULIE B, FFHp S8 SRS B RN
HECE. BT, B E RSN feRe /), DUk
FIPriEAA K A7 NFIRHE RS “Self-X”
manufacturing network) )35 7[8].

SR, H AT BB KT B ERAR 1) Self-X DA N il i % 2%
R AERCR R . R, — M 2 1) 552 SR I DA N
1 HE (cognitive intelligence) FE i Fl 77 v il N il it R 4t
[9]1, fHEALLSEEME DL RN S i B 07 SOE R AR . RN
Wi SN SRIAT AR 4 FEX 7 T Tk sigrh, F
PR . H—RAEEE. RERlETE W, =

BT UG B AR 284k . XA IERG T Tk EniRAE
InCAE (5 B RGNR A E Z MR ish, i
297 & A T AR I 2 R B SR EE[10-11],
F—AHRER NS “FEH A7 (human-in-the-loop,
BEEZ 5 NP B ANFD I8 A B g A E AR
[12]. AR ZHEAEN T, HLEA AT REARME H A E 3R
SRR, BRSNS, IR YU e N SRR
B EERR YR S N EOHE i IR (R IO B R R [ 13-14]

HAREE, Rl L T Tk s F & i Tk &niR
K3 (industrial knowledge graph), DAJL iy ml 4™ J& 4 Al mp
R, WK B A S M A SRR, IR DA T A
AR E SCEATZ R HE R R [15], AT ok bk 1]
BHRAL T AT RE. B4, EIHRAN (graph embedding) i AL
FLRR K R 25 W8 SR EERE /), BN FT R IX — RIHAE
PERIRBEZ AH . ZBORAE LR B Dol iR g 4544945 B 1) 5]
I, DR ) & R BE S i, e sesl 7 — R AR
W SRR R R WA RRE B T VA [16]. AR
1M, A DA ERR B SRR B AN T —
RN EHAE B RGO R[17], (B AR
PASEAE TOIAE BB A TR, KEZEE Tt
FEARMERE A SIS N7 VE (18] XTI, AT RGN
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FEWR, B AR SR YA FH R 1 A R A B AR SRR
BEANIE TARRUIF R & NS LA 2 18] 1 SO A ) 224
NI, ARSCER 24T B AR T b el Tl R P AT R RN
ARAERERIEHEE R, R EE H] 5 N Z A
RERE /1. SRJG, 58 3 TR A 21 Self-X WA KN j 2% v = Fil
HAT RIS 7T i Tk RS A E RN BOR SCHE Se
MR . a1 U AL APk R 72 5 4 75 E
SR .

2. WEINRIARRNURME L TE HlBY72 18 BE

WS ARG TE, AR AT AR TR MLk R A
KRB BT ERBIBERE T, IR ) KA AL E ]
FFRAEE I “ A AT 3G 2 M AR 1 5
o X, ACTA Ay 2 m] ) i R AR L, SRR
— PR A DRI A A ] (0 R R HEAE 1

2.1. #ilid& R geve st

WE AR, AR DA LR, Hl&E LA
s o) MEER LS 7 & (4D JitnZ s 1R
AR . R AVE AU T LA™, R R AR AR A
PR PRI M E RIS . 25, BEES
TR R BRI B, BB SN TR
7RG )3 AOVE N, 75 BARUR > (77 i SRR (H DR e 1
AP R AR 7 B VR B S B AL B AR il i . ik

ICT-enabled 5C architecture model

I

Configuration level

1990s—global manufacturing network

* Allow a world-wide work-division and
collaboration |

« Internet enables regionalized production
and supply-chain management

1980s—mass customization

(flexible manufacturing system)

« Satisfy customers with product
differentiation/product configuration
system ~ ~

 Expert system promotes the ~ ~
reconfiguration process through rule ~ ~
and case-based reasoning ¥ S

~ " A %

~ ~
1955—Ilean manufacturing Yo SN |

(dedicated manufacturing lines) 9

+ Reduce the waste of manufacturing
resources N

overall organization and management ~;
of manufacturing resources W

1913—mass production
« Pursue high production efficiency
» Documentation participates in the N

Cognition level

Cyber level

Conversion level

~
~
3
N > ~ T
+ Database emerges to support an S : ;

~
o

Connection level
.

B0k, BEE S =k Tk b i BB/ 3l B 5
BRI N, e, RS A a] = i R
4t, BN EEKIE RS, fFRHEBE R BN RE, &P
AL EB S 58 E, LRI 2 3552 (10 A SR A5 58 ] 7=
[19]. 1M H 201048, BEESRFEREEAR Cn DAL A
M3DFTEHD H#HEEEGEHEA TPz ik
%) BB IR, T A P E A AN E )
MES IR 2 ARG, F oA R Tl dy (BRI
W 4.0) MM ER. ik, FRATER T KB ML 2
il )3 [20-21].

MR NECFAG S IAFE AL RE D138 0 TH IR A oK
HAL, DURHIE RS ZHLH RS ELEE -

o WL ZIRE Ty, R AT R E A5 I 48 5% Bz - ol o i
Wy N IRIZRARDSE . AN AR . AT IE A
BE B i S R LIRS fRE

« fE R HTRE Sy, RIRTIE o i B AR 2 A DR S TR
D NORF TG G B FIERELE B e

« BREURIRRE S, RInDE LA B /AE BN E I E
1) IR AN AT AT FE 4 1 B8 T [22]

PASCRE I JZ MRS (nlede, WG4, mIM4%. W]
WHIFIRTECED [23)/E FEdE, A0l R 400 B 3K
SPHHTHIE (B zfD . TSR0 R R KA A
ERER, 2 B AR MBS 241008 K, RATAT BATR
TN R A . 298 U SE B T
TG RS, B Sel-X A HIFIE M4, B4 LN RHE

2020s—cognitive mass personalization

(self-X cognitive manufacturing network)

« Able to self-configure, self-optimize, and self-

- adjust with human-level cognition

+ IKG and GE aim to meet the final “semantic
gap” that lies between human intelligence
and machine intelligence

2010s—mass personalization/individualization
+ Advanced manufacturing techniques (e.g., AM
J and industrial robots) bring high flexible
b G manufacturing capacities
1 ~<| ¢ lloT, big data analytics, cloud services, and
f deep learning empower ubiquitous
H connections, online/offline smartness, and
v digital business
“'  Enable a value co-creation paradigm for all
n stakeholders in the manufacturing system
N
R

'
'
'
i
'
'
'
'
'
'
'
'
'

2000s—personalization

\ (reconfigurable manufacturing system)
N |« Authorize customers to co-design personal
functions and derive novel specifications

+ Sensing techniques and Web 2.0/mobile
Internet are able to collect and transmit data
with efficiency, and discover and extract
valuable tacit knowledge

! i
i High volume per model | H

@ Dbt e I, P e '
scientific management of human and N y '.;fr’ / o H
machine abilities B8 l & el
S
N
. 4
Low variety of product] ¥ 9 |

7
* High variety of product
.

¥ +1 1850—craft production

Low volume per model

= Exactly fulfil customer’s needs
« Totally dominated by individual’s intelligence

B 1. i RGOV A L .



[23,25-27]:

(D HAECE, BPEbsiE S o 3 5)
fic & ol A H G SR, DL “BIFEETA Y (plug-and-play)
(1) 77 236 2 B 7 AR [ i) 1 75 5K 5

() EfAL, W ARG MGG L K
I RS, I A A LA B A ST
DA

(3) HIGN, B fRre i fiEdRE, T3l
W ARGARAT ), FHAETN T THHREE T B LM T fE
KL

2.2, WIFITHEE R R el i

D SEBLFT BAR B HR RS AL e Va3, AR
AN RSN, AR AL A2 B 1ok
(K15GTE[28]. IEEE SUARIE A H e SO “ — s 2Rt
FORIT FEMI B s, B L AR, (S S AL ER .
Pz, [ERIE. BEMG 2Rr RE B A RN
NAERERE T RONLAS " (2910 VRN —FRhan kM N T8 REAR
o AEIE RN B HER AR, KB D HES) Tk 4.0
KR REALIE B — R RE G 1 E 2 KT[30].

MG EF, ARV Rl i LA SR T3 S s A e
A, BB HME AL LRE Sy, BETT 5] S HlE 2
AR PEAL 2 il AR SR [31]. BARU, M2
PP 73 870 A1 ) 2 528 B A 190 T i A R
CHnHLER RN AIE A SRR SR [32], i B %
SBURER IR R R, R NG RIE M E[29]. 1E

3

X, TR A R R AN BOARAE N — A B
BBV, K T E — AN T AL ANraE SR
AW RS LR SE,  HN Self-X WA KNl 3 M 2% B4 52
FEAl[15]. #EMM, FETE S HA G KA. RA
AT, Tl iR B R N A 1 A A S P A
B, PRI ENRTE IR BN A 12 e N TR Re 5 N5
RE ]S B8 . XUAaIAE 3, AT A M 9 3 2 1] P o S0 7
[12]. JEEX T, HZnT SEI Self-X DA il i (Y 25

3. TAPANREIEMEER AR ARERER Self-X A
SRS

F T 26 Pt AR P i N B A S I Seel £- XA il s )
SRR, T HTE 2 B . AE R Zg R CRITIE AR A
P, BT G <4 AT DU I Tl AR S
2 R SR ST RGP HZH 2 . &35 s R BT 18 X
FE MR, W UE T BRI, B
SEREH R RO . BT XA, U Mk i R A
RANBARMERER LR ATATH, B OZZ MRS
QM “CHIFLAR” B “HILFTLIR” AR Q)R TiE
MESTHHEES ARG FIREARA AR5 A%
A T B M, ETR T AR RIS R RE 2
()5 SO (et b, SERL NIRRT S0kt —20
1] 3R 3 = R 5 9

Machine intelligence

Y

1
™

O-l_ D _9 Co-evolve

vl

o

Multifaceted knowledge synthesis
» Schema semi-auto construction
+ Complex named entity
recognition

IKG and GE

Self-X cognitive
manufacturing network

o Ll oty

,G/J:.
WL /

\
K e

el "‘\‘\\
IKG-based ubiguitous
semantical connections

enabling techniques '

Human intelligence

Co-evolve

Semantic-based ecosystem \

« Extract and encode semantic
meanings in requirements and
contexts in the edge layer

* End-to-end entity-relation joint
extraction

+ Multinary relation extraction

* Representation learning for
multimodal contents

combination

Know-how to know-why transition

« Explainable knowledge reasoning
» Transparent decision-making

= Post-hoc explanation via rule

+ Disambiguation, synthesis, and
reasoning in the cloud layer

+ Dispatch and synchronize
semantic-rich Self-X solutions via
GE-enabled translatable protocomj

= Intrinsic explanation via
reinforcement learning

B 2. Lolkn iR B R R AT AN SR A RE R Self-X WA K & M 2% .
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3.1. ZEHAIHRLGE

Self-X AN il i 0 26 Bl S i R0 iR B U8 6 4 42 22 2 T
, JRRIEAZRE. ZRIE. 2R ZHEE, 2%
B ZRE. ZESRMNEES, WR1FR. ATHX
by I FH 3K 2 P KT S A R R BRI, AR R B G
TEFE A R I SRS 2 e SR AR, R SR A R B
B, WRATER . XS TE ATV AR 45
A TR, U R T O R ) SE A R BT EUC R 1)
R H— B0 E AR, JF <M AN W Hh 78 5 PASh A& T B H
AIEEME” [33-34].

SRR PR N A A P R T sl R PR T S AT A
Ab FE T Ak Self-X DA 0 il i W0 28 v 22 )2 T R B2 IR B AT
BIERE . BT O N RB ]G S e RS T
2 AN B AR AT 208, B T AH S (9 b v A
FUTE[13,15], PRIt A S 56 1RURA /D 5 00 AR 06 Pl i
AR IEAT R R oA . B B, R B A AR
RS ol iR S SL B iR gk, — SRRt it
FE R 2 B 2 A8 00 R A A B = S 30 80UE 2L b X
[35]; S J&mm A SLpRiin] OUHRANES SR, IRE Sk
FEZ S [36]: i B S k- 08 RECGIRI37]: £t
KAPRH (BPRRE XIEZ THRASAND [38]): 28
AR N2 21 [39]0 A PR LE T B 3%, T AR 8 T
A3 e b X R A P A S i A D IR ] R DA Y 35
LR B0 LR o b 18 P 1 o o ok 15 305 — 25
Pem, EETAKERD, ZEMEXRNZ HIEFEE,
M2« B AR eI 2K

3.2, N“RIHAR” BRI ILFT LLOR I HA42
fEAE R BT AT HIEE S5 AR G 5 KBl sz
BB N T REZ TRV 2 574 (4010 6T EH B AR “ A0

RL Self-X VARG P25 o) 2 J2 i R R BER

FOR” BB T % CnE R E R B 3RAT A
B ERMACEDO, R ERZ 7850 NS IR« H1H
FrUASR” BONLEPEARRE, « E3R” AN Al is B 0
PRI\ 0 BE K K AN o e el e N7 I B AR AN 52
[41]. 9, BTRURIA Tl AR E A EIR A H A, e
I BBIL & o IR AR il ] SE AT SR IR, AT AN
Wlasum R, Rk ANUE(E. % Molnar [42]18 K, HH
R R AL & PTRREVE B O R R A g, B “HE M
B (post-hoc explanations) F1 “ Py & fift B~
explanations) »

“HIEMRT RS el E, ML
bR BT B RN AR P A B AR E A 1) R AR 4
G, DRSS IIZA 200 AUSERYA [F] i f 25 5L . dx i
I3 S AR T RS A i 75 Tl 0 P v g 0 D 0 AT 2R
), BRIULReag R AL ME B T HER R . 4ok, RE
CHIGMRBT G I R A SRR LR 250
HEANT T ANRL FOR VR 5 B AN IR IE[43]. Bk,
N ANV R IE I SRR L N A A, RIQDSEER AR
A7 s R BIAE MEE, @Q T AR FH i 38 o 1 5 S R
QTRMIKE e M s, SRR AR ERM . B, 18
o 5 A ) R S S B A AT R R

COVAERRRR” [RRE AR ok R B A 1) S AN
KAWL, PLRHEMARIR, HEEIEET IRt
BH TIXEEIR . B AR, — A AR B S
SR SR AT [44) X T — NGRS, W]
DA P T RN [ A ABE RT3, SR AW AR R A7
FE TR B o g S B A o 3K e BH A 5 S 1 e
SR IR YR G E, L ERRRES (RIHEEAE 55 1)
o) ERE (BRI B RE R AT PAACR ) (R
A BFRRRAED o« B RA S SRR ) B R R AARIE T

(intrinsic

Multifaceted knowledge resources Typical examples

Multisource resources
main experts
Multichannel resources
Multiform resources
terns
Multimodal resources
Multidisciplinary resources
Multigranular resources

Multilingual resources

Digital twins, CAx (CAD/CAE/CAM/CAPP) systems, supporting knowledge bases/rule bases, open-access repositories, do-

Machine cognition, self-learning by Al systems, human regulation

Decision trees, computational algorithms, taboos and constraints, extracted features in photos and videos, frequent data pat-

Linguistic, symbolic, pictorial, algorithmic, virtual resources
Mechanics, materials, electronics, informatics, logistics, ergonomics
Issue—topic—paradigm level; machine—shopfloor—enterprise level; sentence—paragraph—document level

Human languages (e.g., English, Chinese); computer numerical control languages (e.g., STEP-NC, function block dia-

gram); general-purpose programming languages (e.g., Python, JavaScript)

CAx: computer aidedx; CAD: computer aided design; CAE: computer aided engineering; CAM: computer aided manufacturing; CAPP: computer aided process
planning; STEP-NC: standard for the exchange of product data for numerical control.



2 BRSNS, LG SR fpe A i A R T R
JE [ SORIE R (RGBSR sfemg ) (S mT ALAEE
5T NFEHARI T RBEREL. k, 0T — el R R
R ABII3E 0 2% FOBE AR eI 37 5, 2B STt Rl )
TREIHEESE, R AR 07 RES PR .

3.3, — PR UL IHIGE LS RS USHEANLE

IR AR ge G M EAIES, ERir AEM
HLES AL R BEAIBN, JLRE G HEREANAT B, ARIXT ERy
BERIFNEEF MR . R0, BTz 5HEERE
PR TR H SRR R E RS RS, £
B DAV BE B RS (2K S TR RS, HiliE
AT RGE . BB RS, 7 AR A I R A
BNEEE RS T AAERE BN [45], Kk
HBAE Self-X A KNG R 28375 57 o 3K — [ RURG ™ B T4
HIER L PN ARG . BN . TR G 3
Pz R Bl e ERRAE S S1E[10].

N T ERIX T PR R R A A B S S (i S Atk —
Aot LMl R P A PR N BORAE S8 L A BT A il i
W Z AP TR SO AL SRR B R R R A
ERRGMEZEMEA SN R, RS2 ERZNL R8N
L AL R MV A (R G HEAH U 1R [46]: 7510 2o & &
LB T IO IR AR, 6 N A ) 75 SR AL A3 0
RSO R TE SCGEAT IR UM i s TOAE i, KT A G
FE TV EDREE T ) 2 B0 SOC R, TFRIHBG & R
HARERE LR R, BB R E AT S
SCHF, TR RS AE I REE R IR R 50y
50l 3 YR AN [ 20 38 1) 38 9 25 97 B R85 0o S I A7 50
AL TR RS R G, BRI KRR EH Bk
FRIE, IF H A& A e B U R SO AR KB T BT
o Hit, AREPLAE. HLEESPLEsZ 8 1S 5
w, HFIEZANIENEHELE.

4. MBSk

8 AV FIR BT AN E RN BOR B ST, Self-X AR
3 PR 4 RO TS R, B

(D ZEEX . T T AR EE R4
T EIRA BRI KBRS, Fraflig <97 4
A DLPE I3 W 2% A BB R B, JF He il a2 A
FHEHIE SRR

(2) ANFEKFHBEM. SETEERRMREE, K5
PR NSRBI 2 e A WO RR LA, ek b5 A

5

PR LB ATIZAT, HARILA L SR L R R
FITBEE R “ EhRifE”

(3) AWUIpEIEEL . Bl 15 S VA4 Tl kiR 1 Al
PR AR TR, NP TAH SG A RENS FE B L 28 A0
B RERARATEA BB AR, A R R R WA . S
ATl Y ST NS AN T A e SN St
ENEREL R HIRD .

TRAR, S AR RIS E M TR R T i P A
RN SR R R RIS A DA 0 B e s v A 2 2k
fillo B

(D FIEFRZIMIEIR. NS BRFYREEA N
R SO RARIAAS 2, HXELABEAT IR, X 7T R 33
e P A2 () 3 AR GEAE S L AR R B MR AL

(2) NAEZEWERESIN . BIRPhERE i A
WA TS T Lb L], (B AP RS
Xt A S T SRR T AT )1 2 P i A ASE TR ol 7 £ N SRR EE
PR GRS B EAIEED e B Bmg, XMk =6
SR E B, R PHEMILE AN TS 5 R

NI, WPERITREE 2 AR A (WfE Rie . HLHEAR
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AU TV RIR EE AT R AR T AR, SR
SRUFI “BIE” KRR
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SR K B ARRHFIE AT H (52005424) AT J5 44 BUR
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I, 20 BT A M R T K2 Tl N B B B AL IR 55 S 5
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