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Abstract: For the 21st century, this study is dedicated to exploring the fundamental theories, models and architectures of
next-generation artificial neural networks (ANNs), with the goal of constructing high-performance ANNs featuring adaptive
topology, interpretability, strong generalization capability and high energy efficiency. Since the initial proposition of ANNs
in the 1940s, the field has witnessed over 80 years of development. Extending to the mid-21st century, ANNs can be cat-
egorized into five generations based on five core dimensions, and such generational evolution constitutes the core trajectory
of neural network research and advancement. This paper defines five generations of ANNs (abbreviated as xG-ANNs) from
five perspectives: neuronal unit, information coding, network structure, learning mechanism and Turing test. 1G-ANNs:
Threshold logic networks, represented by the M-P model and the Perceptron; 2G-ANNs: Continuous activation networks
(e. g. , sigmoid, tanh) , typified by the classical back propagation (BP) network; 3G-ANNs: Spiking neural networks,
represented by spiking neural networks (SNNs) (Maass, W., 1997); 4G-ANNs: Deep neural networks (DNNs), repre-
sented by AlexNet, ResNet, Transformer architectures and the attention mechanism, which have passed the conversational
Turing test for disembodied intelligence; 5G-ANNs: Cognitive neural networks (CoNNs)-, with five defining characteris-
tics: (1) cognitive units integrating memory, reasoning and human-like attention; (2) hybrid coding of semantic symbols
and distributed representations; (3) modular cognitive architecture with dynamic reconfigurable topology; (4) meta-
learning, causal reasoning and lifelong learning; (5) the embodied Turing test remaining to be breakthrough. A core aca-
demic consensus has been formed regarding 5G-ANNs: such networks integrate neural computing, symbolic reasoning and
cognitive architecture with low-power consumption, support dynamic topology, memory cognition, neuro-symbolic fusion
and embodied/world models, and exhibit intrinsic merits including adaptive structure, few-shot generalization, interpret-
ability, low energy consumption and embodied cognition. At present, the field is in the era of 4G-ANNs, which are charac-
terized by data-driven fitting, deep learning, the attention mechanism and Transformer frameworks. Represented by large
language model-based ChatGPT, 4G-ANNs have passed the conversational Turing test, yet such validation is a "black-box"
assessment restricted to the emergence of disembodied intelligence. The root causes lie in the inherent asymmetry of large
language models built on the scaling law of parameter expansion, their lack of comprehension of physical laws governing the
real world, as well as critical drawbacks including jagged multi-modal and multi-form intelligent outputs and inferior energy
efficiency. In contrast, neural networks deployed in embodied intelligent robots lack autonomous intelligence and can
merely execute predefined actions per programmed instructions, leading to a huge gap between disembodied intelligence
and embodied intelligence in 4G-ANN systems. Addressing these critical limitations of 4G-ANNs calls for the support of
novel theories, models and architectural designs. ‘Currently, extensive debates and divergences persist over the develop-
mental orientation and technical routes of next-generation ANNs. This paper analyzes and summarizes the developmental
progress of mainstream theories, models and architectures of the first four generations of ANNs, focuses on the characteris-
tics of several typical 4G-ANN models and their enhanced variants, and reviews representative architectures for 5G-ANNs,
including world models, Joint Embedding Predictive Architecture (JEPA) , cognitive spiral models and intelligence-trace
cellular network frameworks. Finally, grounded in the theory of cognitive physics and practical technologies of driving
brain cognition, this work proposes a lightweight architecture termed Embodied Cognitive Physics Neural Network (E-
CoPNN) , which incorporates the core characteristics of fifth-generation ANNs. Specifically, E-CoPNN features dynamic
topology (three-layer nested structure and dual systems) , memory cognition (three categories of memory ) , neuro-symbolic
fusion (integration of Euclidean and non-Euclidean data, combination of lexemes and concepts) , and embodied cognition/
world models (fusion of disembodied and embodied intelligence, integration of cognitive space and physical space). The
proposed architecture embodies the typical properties of 5G-ANNs: adaptive structure, few-shot generalization, interpret-
ability, low power consumption and embodied cognition. Targeting brain-like general intelligence, 5G-ANNs take dynamic
topology, autonomous memory, cognitive reasoning and structural evolution as core attributes, shifting the ANN research
paradigm from data fitting to structural reconstruction, thus representing a pivotal direction for-achieving machine autono-
mous intelligence and continuous learning. Conclusion and Significance At present, the development of next-generation
ANNSs for the 21st century will drive a series of transformative revolutions: philosophically, a paradigm shift from mind-
body dualism to embodied cognitive science based on embodied perception monism; theoretically, an disciplinary expan-

sion from 20th-century biophysics to 21st-century cognitive physics; model-wise, a fundamental transition of ANN research
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from data fitting to structural reconstruction; in application, bridging the long-standing gap between disembodied intelli-

gence and embodied intelligence in ANN development; generationally, an evolutionary leap from 4G-ANNs to 5G-ANNs

featured by brain-like cognitive capabilities and adaptive topological structures. This work lays a solid foundation for the

widespread application of embodied cognitive robots with learning, self-development, self-correction and human-robot

interaction capabilities. Furthermore, it supports the convergent development of Nano-Bio-Info-Cogno (NBIC) — the four

cutting-edge technologies led by cognitive integration, enhances human intellectual competence, and ushers in-a new

round of cognitive revolution.

Key words: Artificial Neural Network (ANN) ; embodied intelligence ; disembodied intelligence; embodied cognition;

cognitive physics (cognitophysics) ; Embodied Cognitive Physics Neural Network (E-CoPNN) ; unified field theory; intelli-

gence field; human attention mechanism; selective mechanism; driving brain cognition
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R AR A AR AR A I BR A A AR T B () A
WL, P AR TR R, O IE

LU, R ATURE AL R 5 A0 A2 A 28 S840 1) vl
BBy kW, H s T A LA KR
(1948, 1950) 25 i 1 HL A ML B RE 1 I ik )y v
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G bR, BRI R MK . 5k, - WK S Xy
ANN AT TR, ANN B5 BAE TR 19 ZH 20
LR ITRZ —

1. 1.2 ANNHEIEHIIE (20 T2 40—50 4:(0)

B ENLEA: 5, B R IR S LA e
R BTN, B+ I 75 5 S, o
PR T AR D0BRRS SR 00L& R ML) IR 55
WL, 1948 4%, P 2 73 [ [5] 5 ) 92 5% %8 (National
Physical Laboratory, NPL) NI T — A~ REMLES )
(Turing , 1948) B4R &, e h e th TRHBEESS
BREHE L. B SA M. A aF e
BHRE. BREHE T TN B S ENL AR fE D
BRI R ML) .

A A% O AR A LU LA : 1D E 6E
AT UE  HLas n] JE IR GE1T 8, R AL m
e I UL, 2 0 R i N T BB AT ATk A Bt 5 2) H1L
fe o A R I B S P Sl ER 2R
THAPLAAY , 2 IR R AEIE ;3) LA
LA . A B 5 ETT (NAND ) BEALZE 422 14 5 4]
R, B BRI G A, SCRe - TR " AR
PRIEE I 5 ORI SE R ANN AR s 4) 22 > 5141
AL Mg Al 22 Bk B B4R 2 Se By ) JF
i AL R BAR AL P AR 45 40, 2S5 kb7~ |
BHESE IR ; 5) BB 5P R K R
MR 2 B AR 55300 4, o A Sy LA {75
I CREIR MG , LI ZEIIER 68 B X /- A B8 BE
(HLER A) 5B SR sE (R BIESE ) s0) % 5 TR
A N BB BA T BYE 1, 7 Ui 5 383
TAESEEL, Oy AT B 5 ) 5 R0k P R] it 4R It
SO o

MIZAE AR AT KRR, HE 1969 AL
TF, 2 Ja oRHRES 32 X sl T Y BEEESOA . Rk
ALK JR 52 B R B4 2 P R 1950 47 K A (Mind ) |
B8 A ML 5 8 58 ) (Turing, 1950) o 1% SCHF
iR th T IRFR R R P AR RE SR AN I 45
T AN RPRAE B it 3 A R 1 5 B
BRENWE) . K RIE T - 3] 2000 4F 5 2 LR 05
SRR BT MLEL , BEAE AE 543 B 1 SCAS X o 1k
/0 70% B9 N ZEVTH F T IE R X e 5 H A
2, DA TITE Sl i 115 B A0 T X, RV ke Bk A 1l
FMI J5 25 o CRREHLAS )5 HEPR 20 T 22 B REHIL
M RGMEE S e SCGHEALEE 58 RE) R E

& TCENIRE BEAS T 1 I 52 2 S0, B AL B I
A R B IE L~

AR A Jr BR A < 20 22 i, 1 R 2R AR E T
Prp AL g rp Bl o XL X BRI AR K,
1948 41 [ R X GE T A8 X0 0 B 1 2 5 g A 2 B
B He , 7F (Turing, 1950) 18 3CH 48— FR b it 58 BE
HAE BERE 7 1M AT e T R B R RV, iy
J& T RAR T, 2 T B SR EE, WA T id1e
BHe. Jok, TR A R TSR AR S
(Searle, 1980) WX} X Fh UL 4l 7555 2 7 Al ik r= e
AR RE Y I TR T BT .

1. 1.3 “ANTHRE"IEA: , 1G-ANN BB, £ XY
R (20 22 50—70 4%

FIZEE REPL & B A A AE 1956 4F 6 F 8 T,
TR P b 2022 R+ 200 F 4B K
AT A 8 A A TEAE S R — AN TR
A" (FATFR AL, {EGF 5280 AT BB 5T 26 A AR KA,
J& KT AT 32 BRI s U4, TR s SR
AE) (e = SCOBFNALATA FIHL, & 1G-ANN A9 1R
) ATAHFELCAER AR, B R BT GE) =
REFIR . HH) 70 440, BR 4 T SCAY ANNATSAN 2 AL
WA U, LT A LA ANN B % JE A7 DTk
BT

20 4 40 AR BT EHLZ A R IR Z
A« PRSI IR S S A O
2, 1948 4 9 H AN N B T 27 B Ay s AR & R
AT R AL A48T KA B HL A — 2 A P ) T
WF, )5 T 1951 4F % 7% (von Neumann, J. 1951), 5 X
RGEWBITEI S ARG, &) "IRE
PR Chh 2 ik o R 850 5 58 A 2 B HDL ) L 4R
TR 25 () AT AL B S AL ER AT AL BRAG A T X
Ao ZIE BRI g T K R HLE MCP 2
D) 4% 5 A A ) E B« i 8 I % T ) AT A BA ]
Tt BTl — R Al 1957 4R A
gt A B Rk LA A X — 5T, S AR Y X
SERF Y R 3 0 S G EAAL S A ) Fnd A & i H
SHHLIRIE) AR, 73 BITE 1958 F1 1966 4F Hi hit, 52
M) | W 220k [ 2R Y 2 sk i AR T A LR ) 2
NN BRGNS KT LI A TR 5
FEH T BIHL (perceptron) FIIAFIAL (cognitron) A i
ZEM 4

L — IS P22 M 26 . 1958 4F | Jfs > g

W\

195 .
Hh [ B B B AR RABUIT
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TR AT PR AR 5 M-P AT K T IR H 2R 48 I 4%
(Rosenblatt, 1958) o ML 5 > 0] 27 2] — 3 S pid
AL IR ANN B I A, OB R 2 9 A 45 48 )3 &
MBI RN T H 1969 4F, Minsky i B B
JE BAHILIC I i o S o (AR R ) [n] R, st A5 76
FEAETCIE AL B S5 5l (R R 1) SR BR 1, ANN 3L Y% . {H
JLER 1 BB ME & IR B 22 ST BRI A 252

INFIHL—R 2N HIL (neocognitron) . 1975 4,
H AR 2 25 48 5 R 42 AN HITAL B 4 20 422 ) 4% A
AR CNHIILY 13X —H AR i WA B2 1 2, 1980
AEAHE— 2532 A A BIHL (Kunihiko 1980) , 1k
TINHIBUELTY A o oz 1R v 8 67 A% AN AP [ T,
b 4 TR 22 W 45 (CNN) B8 5 JE itk . (Krizhevsky
1981) B YA H DL “TAHIBIL” i 44 B 2 ik e £ ) 246 A
R B NI R . p 2R DA RN DA AE P i 3
I 28 A B2 Ry 00 SE At AR A (R A8 | AL A%
L ITERTE TR A0 RGN E5 1 5 DhRE , Rk
b2 Ak by AT e AR A 8 I 45 A0 A LR AL A
Yila &7 W 28 0 28 A% O JEL I T U 26 o
ZEHLH B BB R S TR Y A s e X
J5i K B Hopfield 2% | ik ih et 28 90 4% (SNN) 35 A5 o
2 M4 (CNN)HA TS K -
1.2 PHEE - ERER,HFRIIE,2G-ANN/
3G—-ANN B X (20 42 80-90 F£ X))
1.2.1 Hopfield #Z:M4% —(20 {42 80 4-1t—)

1982 4F , Z A W W B4 (0 I &, ) P24 R W
JE IR 4R HY Hopfield i 28 9 26 B R0 (336 V- BR AR EAZ
R (). J. Hopfield, 1982) , 51 A T “H5 fig i " HE
o 198447 i SR H i 22 [H] Hopfield #1458 ) 2%
P (], J. Hopfield, 1984) , A5 [ 4% FIIE REHL 7%
AW PSR EL | 35 T VR A 48 25 1) A= ) Al
P ERERS BLA , R 5 R R DR Wy 3 2 1 A
TR, R 25 8 SURf 7. T DA A W) ) B 2 R Al
[ ANN BT S [0, B0 B9 ANN B8 LR IS

1983 4F |, 3 1l %% Hopfield M 4 |3 % , 5
Sejnowski 4 HH 3R 2% 2 HLARIE , HGE T 38 T HL 58
PR IC Wi B 2% 2] (Geoffrey Hinton, 1983) . 1986 4F , 3
i 2545 R 6] 5 3% 1 (BP) (Hinton , et , al , 1986) fifi
2 2 W25 AT I SR A 2R 200 AL S i

SR T 5 TR S0 — , HEBNIRGE 3 NS

H Al FEUE, B AR AR B AR . 258 AR
ANN By BEEE AR S

1998 4F, LeNet-5(LeCun, X4 ) R T
BB M4 (CNN) 75T 5 5000 iy
AR . AE S ISR S B AR AN 2, R ARk
RAEZAT 5 EAAR K SVM %5 )5 1 , ANN W58 B e —
FERER, {HIX — BBt (2G-ANN ) Ky 5 S B 2 ) 1 4
RV O AR b 25 I 4 B T GBI AR L S AR A
Bl
1.2.2 Jkmh 2502 (SNN)— 3G-ANN (20 147 90
HFER—)

2G-ANN J2& % L2 B0 E T 50 00 b 28 090 4% T ik oo
25 X 2% (spiking neural networks, SNN) f&— F 25 i
P 22 D 28 BT A4 A ) P 22 ST Kk i G R 5 A 3
BLEI o 1997 4F 1E 2 48 ) SNN #E & (Maass, W.
1997) , i T B A & 2G ) CNN B2 44, A I A% SO
SNN 257 %1] 434 3G-ANN.

SNN Lk o e 50 i A 2 2 35 (E A o 15 B ki,
SR LIF (R B3 e H ) frT Ak b 28 Jo B AR Bk 28 584
T R R o7 8 3 ] {1 A TS Ik o, S A A ) i 5 T
() “ 4o Je” B ALE . B OR S A 1) 3
PRBR S AHE ok b 2 AR ISHECTE , TH AR B, REFE AR
T ANNs, i Gl & MRSt 2) B 4t . K
SRANPRENZS / S5 (Cn DVS ML B o EfF
G, BTSSR OEAR . 3) AW EiEAH
2 ST RN T 2 30 O 2 )2, R G R R 5 i L
AR LA

{H SNN $2 5 LIk — B THF5E B B, B34
TER A 520, an e S 0e 4 IS5 H, SNN
VA A R 4 i Ao 28 32 42 (%) 07 L T EL AR B S 5 Rk
J#& , Dorkenwald, S. , et al. (2024) 5 IK7E 10 J1 #4870
3] 512 T AL i 4 i B A DA B L R Ak (302
Zo0) , A Z i 5 B ik B A 1 2L B
AT

2 21tZEA9 ANN(21 22 #1—da i)

2.1 AIFENBRELZHI(AG-ANNKR) FEZ3] . K
EEER (21 L —20FEK)
2.1.1 21HARHERRE S NBICH S KA A2
INHIZH TR (HCP) #4551

WIlEA 21 g, Rl g 21 20 Bl 40 400 SC
ik, 95 [ E R B 4 S (NSF) 5 92 [H RF 55 3
(DOC)ILER T ZA 4R T70 2R3 R B 505 T
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CREM KP4 AZERETT) , M FK NBIC (Nano-
Bio-Info-Cogno ) i 45, 2000 4 Ji3 B 5T , 2002 4 & Aii
i 45, 2003 4F 1E X AR (Roco, M. C., & Bain-
bridge, 2003) ; NBIC #f¢ 5 25 7 2 R BB HESL, P K
FEARS : 9K AR (W i) EE AR (i R
40) fa B CBdE b #) RN R RE S5 IR HL
H) o SRALEE AL AR RE Y R G 1 b J
filt, 558 3 NBIC (44K -A= 915 BN D FoR Al 3E 1 5
B A R AR R = e A e R, BT
YRR S S IR R R R SR
B < 2K T — A ) S I R AR R — A 5
BhF 22 B A0 & NBIC Y45 Py /] a4, T 98 2%
e St R AR R e R

NBIC 2 75 38 48 H 7 A 28N A1 413 4] (Human
Cognome Project, HCP) , 48 HCP 1] 2}y 21 22 i 50
AR R AR SE G T AR X AR A3 R 41 1 %] (Human
Genome Project, HGP) , B4R 2B e A0 AL
M5 IR A TR, il ak NBIC(90K Y 5
BONADEARRAS 2T AR 22 ac1e .
TROR 5 V4 T8 BE
2.1.2  AZEUHI R (HCP)BFFE 115

NBIC #5 F1 HCP 3 RIZ AR SO, Z 5 4 [
BB T E R L] . 2008 4, 75
FE Rl E R AR e T B LS T P EE KA
SRFF R 4225 (NSFC) J3 8l 1 “ MW 3 £ 2 il
B B AHFSE R (2008-2015) , Hip RE g WK &
BATHRNRLE MR R Hlds >4,
fiff PR BN ARAE HR I 2 BRI | Bl A PO A B 4R
MERS s FHIC 28 30 75 i AILE2 11 40 B A i A o
25| JF e ATCH B8 68 ) JL Ak LS A 55 F G 4 AR
(M5, HEsh T ERA AN TR L SR B (ILas )
FUIG LA O FLEE 1) 45Uk B & o 26 1 B i )
BRAIN Initiative (2013) | EX % ) A% 7 %1 Human
Brain Project (2013) . H 4~ (19 il . .0> & 31 % Brain/
MINDS(2014) % A4k 7 3. 2018 4, it [EFF22 K
T A B I TE G B B BUR R A A W R R I B
P [ s B2 R, 2020 4F o B R R E 20
SERHE AR 2030— "l AE Sy HORTH
TSR] v [P i 25 4 [ 3 5 b 2R i LTS
I 1] SR W . BT T ANN 7R ALAR Y 3 S
HuA

2. 1.3 AA UK RE 5 — ) i 4544

20 tt 22 90 AEAR W) , 3 A W 2= i iR T S KR
BSOS e i ) (i T, 1991)
6 M FRATT— A AT U 20 A9 4 B AA FR A 72 I )
2 2 P A BRSO B2 . NBIC
Wy A - ANOK RUBE 28— B 254, 2 85 S A i 1Y
LA AT A E5TE , R H A 22 J LA 22 R SR A ) .
YK ROEE W) B 25 M U g T MR I, i dn , ALSR:
T Z A B S R T B AR A PR 2 4, A Ji
SRR AR ZE W 7k AL B AU DY
2R R EREHE S E ) 5E G %0 R TR, 90
DKL AR W] S BB L 3 B 3 — HIL I BE A
FEA K RO 2545831, 2 AlphaGenome #E 8l T %
PR ZH 2 DA TP B2 B 1] “ D BB AR 1527 5 . 4T, o
THARM KRG R P s ) 5 T RE S B
AR G551 SR SR X g oKk RUBE A B )
AL S5AMEAR R . 2025 4F 3 H K R % [ 1966 4F- 5
SERAK B UK IR T i T BB SR A Y
B IZ R T M o B ) 2R R B S S AR
2 IR

2025 47 3 DR M 2 e B EL I v ) U
) 2E R R AN M RE TR = T B
S8R T A A SRR (LR 2R AR | g
) RO F L8 TR MR G b G
ko BUE T MBI E 72 W0 45+ R 22 T R A FUAE < TR
FEEME T 5 FRTIRE, 7+ FE U T 41
(IDIRE , Pl 220 M ) Z5 A D T PRI I TR, P42
I ) &5 #g e s A A B2 AT B (Y i 3% , A28 B
I, T o RE AR AR SRR T O 3 7 00 A B2 ) 2]
INFNZS [R5 —15 T o

&S M A 5 K 1A JR) BR T SO0 435 2 Wi X R
JE XA T 2z ) R R {5 B A3 5 A R Dy fig
(A WA 28 R AR S B = R PR AT i — R
1F S i A 2 T IR B T AE ML 8 7 0 505 22 s bl
PR SR I SR Y DGRl . i e A
B R RARIC A R S KBS TR
PR ECIE AL | B Rh kG B A 2 B A S i A
W 2 [ i 2 o © B A AT, O 2Bk B2
JEw] DI 0 B R RRE TR
2. 1.4 NFIERRLG oS P2 T G2 80 . 2
= SN IBLIEAN TR E VA

20 42 9 JLAMHE 22 BLOK L LT 25 BOE K
© i Sl
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R 7K (1596-1650) A ARE 1Y PG J5 P 7 4% g P AR K
A [T ) B0 37 eI R MR B R KA R A
RAE" B0 o iy, FIRECLR) F7, FK
N, B FRLE . AR, AR R
BR DR LY (1472-1529) 18 5 10 “ 5471 &
—7, BN S kg — G ST e A — B —
Ay AR SR G AT A — " AR T
R EOUNE, RSP RN 25 oA
ELRN b RS M R R IR GE TR AR B P
JIL AR J2 1 8 A ) I A R SR 5 48 B R
1, FOE X I AR B2 SR M N

20 fH 22 vt 32 5 7 27 5 - E 4 (Maurice
Merleau-Ponty, 1908-1961) %f & /0> %f 7. —JGig # 47
TR B, $ BB e — o (BEHG — ) 2 e
TESMCFRI") ARG AR IH i 1 B0 ZJexi ST, il
TE 1945 4R 5 1 (e B A 24 ) (Merleau—Ponty M.
1945 J5UR . 2021 A R GERA T S ARAE A
VA (A% 0 JEARL ., Z BRI SRR O B R S ER BT
A3 AR A T SR 5 I A i B S R g b
5 R RE D I R ] LUTE M 3 i
AL TG 7 o 4l 32 5 b 7 19 285 B X, A BT |
S B O Zonie AR 5T R S ) Ak
fift KR REMRT AL TE A RS AT S 5, B
TINES A AR SRR IS OCHE o AR - D
A T 48 78 8 EL B R 2 B D) [ )35 AR ) A= 3 i
FEASYER UEWR BB M —TT iR st 2 B AP IS B 51T
eG4

ER BRI~ RS e S
BREITARAE B ST A R =, T R — Y e 4 i
(L2 T S S B E T, AT g — B E B RS B
SRR — DB R S R SR R AR AR,
2B RE N TE B B 2 56 Al IR i 4 Al (B
WALRE ) o X —&5 X N T8 BT 5T HAT 3 2 AN
{8 < oA ke PR BB S B, AN BB ASUHRASE 3 g 1) e PR 4
T, Wb 250 B AL A% B B A PE e P S B R
(RS A R T T E RS SR R RSB S JA O R
itz rh, ik B BB I HLAS N8Ik 1 iy
R IT5 N P8RS 55 o M- e 1 BB o8
— I8N 2RI} 2 U ) L B AN e i B i T
A BT 27 B 5L 5 30 S, (2 B AR —Fh
LR T TR b T A A U S A AR I Ak ) F 5T

M4 ERF R R R B NS — P R
KA CTIE R M T BB HE EEN
B A RN SO G N T e i A —25 1l
Beep AR BRSO ) , i a R AT R (2026) .
ZAMX S TR E SR ISR e CRE
R = (R AR R, e fo ATH
REMI AL 75 TR BE Y AR AR e (AR b
Bk 2 ML BE N TR RE 5 LA A
(A e S0 5 M (B RIS BEXT 55 o X 7 TR 6T
FAT S5 ANRE th A RE LA A AT 58 B, 10 R i AN AR
FLNDIM ALy o . NSO & J ik N &5 A
MR ML RIS R Re , 25 B A2,
eIk,

2.1.5 HWE MRG0 B 2 E RS S8 WA
Y B A A 1)

Mtk TAEC21 22 B R ) Fr R 4R 2 . By B o
(A2 T VR 2 AR RS, T I AR B2 |
PR R A 20 22 50 4E A, DNA R i
SERIE R B A T L SR A A PR T
AW B A S A B 2E BT A R AR A RN AR IS .
1958 4, F 24 LI AE Y F K HMAEY ¥R HEXK
DU R 38 5 A B T b R 2% B A W ) BT 5 T
1990 4F 5 27 BF 5 [ 1) A5 K AR AL R 4 32l
(HGP) " e gl : FEE 43k, 95 vk 8 HBEF A,
1999 4 [E 2 5 (JRME— & e T [ 58) 740 1% I 7
45,2000 4F 6 A 58 AT 55 “ TAEMELR /) (7 5
97% FE [H 41, 2003 4 4 J1 , 58 B AT 55 05 4 (&1 (3 55
92%) , LRI 2 4FIAbR o XA 3 [ [ SR BE K H
Jit T {Bi02010: 75 AR AR} A= U LASE 3% AR R 57 74
YOS B EmP ¥R E R, B
FEHES A 2E SR A TR LG R4, 36 3
WY H2ERAERE | Rz 45 20 Tk 20 TR
Wy B A A5 BT RS AT R O T B A
YR gkt 5B Adw) ( Nelson, P. C. 2003),
Je A LR 1A ) 28 UM A R

2001 AT 46, v 2 3 2R 1R 1 R B HE R
PEN TR BEFA N4 TR T Rl R )
e A5 BN AV Z e, J04E, LEISEY)
AR -5 BN RGBS T A P B
(A% 0o 38 ST, BVBIL AR AT =35 il 22 81098 S (2R 1l
45,2024 (a) , ZEFHBEAE 2024 (b) , ZEFE 45 2024
(¢))o INAIYIBEE B TEMREIEARIE W ME 78 2 RE Y
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A RN T8 HEM Q) L BRI IR,
PR — A Bh A AR AR GE” . X — 3 28 1
148 Al = RIR (FF5 s A7) Y HI 2L, 528 1
INFIZ B ER RS, JF 4t TIPS B 6e 7
i, LA BRI ALE vl i By P Rt R PR e
BEINFIHA F RN Ko R EES QALY
B0 1N 123 T (AN 5 DN /SE s oy e | Rl
GOE7/BLIE =,

M 20 28 Hr A= Yy B ) B B HGP 14
(858 B, bR s A AR AR MR 2775 [ R R
SR A o 20 28 AT B At K
BHCPHRI B SEBL, fd ATHF 28 DA AT fi B (1 e R
DU AT i e %) P R M U BRAT
2.1.6  AFIVE LG 55 T 0 B B A e F A 1y p
g2 o8 Y

H EHNHIE (Varela F J, Thompson E, Rosch E.
1991)J2 20 HHALAR LI IAHIR}-7 S Y 24T
FEIE, HAZ O T 5RAE T IRA A% g A 5
SCHY R BT B B A A7 3h 5 PR 5 E TR 3h
AR DAL E . IR BIRIA N IARIIF AR & A2 T R ik
TRAY AT R B BRI e, IR T USRS &
AT b ST AFAE I AF BN L% 2, iR AR T AR AR
(YIRS RIS B R G DL N AN IR S R e B
HyshAa e HEIAHE L O N N2
FRGEELAE I /NI A 28 2R G2 (0 I P X il 22
G0 BRASTr (LAEILSE T o i nRns AR
WA ) a8 TR M & REME Rt & R A
J, BB N R R /)N o A £ i g X
W MR AL A B A S S AR e A
B AR 2 25 2 A B B R e B B R RERY B )
FIYEIR o B4 LA RIRE I il I A S i i el i
P ZETE S TSR PR BE I 27 2] RN HL By, ok el 28 A B 9
B BEE B RIRIARIRE T 1, A 25
AT BONTR BS54 FRE )R i, Fovh
LG T AR B AR PR e R A il
XoF B R J] 00 4 28 8 P 5 A R AT BE

H W e op IR 2505 5 L AR BREOR B 7R Rk
] SRR 2 A T AR A i A AR B (Lara
Boyd et. al,2006) , 5 817k Fil 2 9K 2 1 ] i) 5844
MIOCHE . 20104R )5 , AR 2 B2 JikidL4E 1 (BCI)
HOR By HE J X 2 S A MBS A 1 B2 ERE . 7R 4
G A WA 28 R 42 1R 3 [ s Rk a3 v i kg

TE AN NI AL 73 PR 2 T 2R Ge s 1l B Wy F A WA 22 3%
TR (9815 54, 2021) , TR GO A 28 7T 3] 2 WL Al
DX Z 18] A SC BN 23 1, 4B RN EAL 2] 27~
IC1L AN 55 5 90 D RE 1 p 22 AL T B2 14 1 i
KA BRI FE Al T, R 4 i 2 2 PRI D
SEA, IF LA T B e (Shiu P K, Andregg M,
etal. 2026) , IZHFFE BIAZ O (EAE T R0 1 A7
FLHYBOARNRAT, Bl 1S5 F R RE ™ A BB MRS A
iRk N TR RE AR AR T A B i o it
2.2 ANNREZH B 3HEXE R MK, 4G-ANN
B (21 2 4]—20F 1K)

2.2.1 BN AGRE ]

2006 4 , B WK gl R 5 2] 3% )= P 2 A5 R
PEAE—E R B GRMR T IR)Z I ZRIRME . Hinton
SR AR A U 2 [ 45 AlexNet 76 2012 4F Ima-
geNet FI1R 73 258 T8 i F R T SHUNPERE , — 2%
R0, IR R T X — W FENR 1918 3 (Krizhevsky,
A., Sutskever, I. , & Hinton, G. E. 2012) ,-2 Al [l
S b R AT R I BIE S

X, GPU B8 ) 5 R MR 2L [F] 4 3 %
JE o7 o) PE AR A WY BE . RS, CNN RNN K
W0 42 9 &% (long short-term memory network , LSTM)
5 A il X Pt M 2% (generative adversarial network ,
GAN) R ATELE T L& BIE ST 55 rh s
FRYVGEME BT R Ik B AR (AlphaGo) Ji R 56 — N
AR PO ZE 0 N AT BERE T, b i 5 TR 4 0k
5 T R R AL 55 I RE J1 BRIt . 2018 4%,
Bengio ,Hinton 55 LeCun PR X R 2% > STk 215 R
4 (Turing Award) .

2.2.2 ChatGPTidid 1R, ANN LB ZAR
PRI ) i VG A ) B

2017 4F PN HIRR 2 i B O HL I R R TR,
Google Brain A1 BA & 2 T (Attention Is All You Need)
(Vaswani A., Shazeer N.,
2017) HHRBPH AL - 1) 582457 RNN/CNN, H
5 VE B T HLE SE AT R A AL, B2 4B 1Y Trans-
former 2244 ;2) 51 A HER I M2 LTI, kA
7B AR RE B4 G T T AT 0, DA I 35 1 s A B
W A RE 7 5 3) 3l 2t o7 B G i , 7 TCIE L5481
BT FH TE 5% /4% 5% S A T AL EEAE B, 5 4) FE S G B
- A AR T AL, B30 5 R B AR S RS Y
AR B B 2R 5 5) SRR R IRAT T i R RNN AL 75

Parmar N., et al.,

11
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BT ), KR LTI St | S P ke )5 R 1)
KA & J . %St de ALY S b A $2 0 7 i
Rz — WS I =, R A R B
FIE T8 KB,

2020 4F , OpenAl B ¢ 19 2B i X 9 1| 25 Trans-
former 3 (GPT-3) /& K i 5 B8 (LLM) & i 1) HL %
o 25 B8 B 8 SCTF 2020 4F & 2 (Brown T.
B., Mann B. , Ryder N. , et al. , 2020), Ff IR 5 E T
248 RE HE (scaling laws ) 2688 RO I 5 RS AL )
TICEETRE T TR T B G iR Y A
B T A AL & R S bRili 2 ANN AL
o ARSI [ R R B KR T SR Al
Iy s b A R R 2 — . 20224, LA
ChatGPT 2 X3 1Y K1 5 1 ALLE FF i lons 3 1R
()22 556 4 BR B AT 45 s B K iE 5 A S
XFSERE ST T B feaE T LT xS U A
R, AAE i AU ARRHE S (5 8 AL #E AP
AR B, R AT e ) AR AR

SR GPT BE S AAZ BN 4) 58 T i REE AN 2 5 4y
A AN ASTSURN B8 V7 R4 B 45 [m) A1) 1) 29, AN e B2
FH 25 2 am P 2 ) S5 Fa0E 3% Sk th 1 A A AE E
ARRG.

2.2.3 NBIC & K&, ATWFFE R AR5 LR W)
P2 FNE 22, ANN R 0 -

2024 4F 5 DUR W) H2 2. 42T John J. Hopfield 5
Geoffrey E. Hinton, %2 Ji H:“ B85 1 F A T #h g2 N
A IALES 2 2T L ahE R B & W7 . Hopfield
D28 A 55 DA ANN B AIE T 4 38URE At | iz 1) AR 40 531
(BP)fift i 1 R 27 2 A% O I g ) i 5 53X — B 24 )
A BRI T W3 AR B AR BRI AR 2% >
e ST T AR R S AR S PR
THANESE . 1 DUURY B4 22 0 2 R Ae - R
TEMY - B AR IR A=A R FH B 2 ik S5 B
FIRFIE , #3819 24 4 3 R AL 2 27 ) 2 R 85 3k
Tl 0 ot 22 D 28 E ZL 7 3ok s i 2 P B I % 1 o 22 ) 5%
BT RN L 2 2 BJA% T 2R B fe sl nl , ALAFSR
B LR — A S E LA B ON SERIAY ANN 5T,
R S A ALIFGE Y 0

2024 AE I DURAb 2 8 — TR - Il
(David Baker) , % # H.AE 31558 A B 5 Y o1
ks o5 — 22 & AR« 08 B H T (Demis Hass-
abis) F1 255 « {L¥1(John M. Jumper) I [F]3R 415, %

i HAE AR 1 ST 4 1 TN 5 T 1) S B el o LR
PR ORI R AUSERY g 1 S0 ARl 22, B 2
i > 91 0N 2 14 I 5 2 — e A DR B TR ik
SHLER S TG R W) P R SR ALHEETT T
IR, R NSRRI A R, 5%
St AW AL, AR TS T AL for sciences
.

3 HESANNEIAGE T—HRANNKE
FEBIRE (21142 20 ER—r )

3.1 AIZRAEFELNSEIEINSE

4G-ANN & T BB & 47 il 5 1 (scaling
laws ) 1) K3 5 MR R Lt py . R4S Hoi o 1 X i
KR, B8 T B8 K, Bk = wT g R
Je PR B B R 8 R A 3 B, T L B AL A A dife /b
i 22 X 45 1) S A, L RE 4% TR R T 58 IO AE B
PE, R ANN 76 35 B RE AL S R RE 2 Il R B 7 1
KIGIE o ARAJFEPRIAE T, KA R R Sl = %of 29 5 1 5t
Wy Y B, S IR AT 7R A R T I X A
FERIFBE . BG4 W 45 19 & & 5 1) F %
L W B TR Z e ML i KRRy
PR : — IR 2 IRARSL “HHR A7 KO #3” I
TR R A R KRB R B RR SR 25 ), 4k
SEIG ISR S HCRT SR ) 0 R A R R A B )
—URI F R “EE R E AL AN A R —1R
J5 i ANN AR FIZE A, 1E ANN GE JF 80 S 1 5L 3
PHE R B S B 5 i AR JE SR AR B0
WA S A AR, TR b, Jo & o Je e 2 B 8 6
Blas NFAR 51, AR Dy A AR (51 )
23 AV AR (2 O A (R TE R % . LR
R AT HBORIER 2T 2 21 i i R AR
ANN BYBFFE RS E 1]

3.2 #IE-5 ERSHIANN — 4G-ANN R IE (5
B8R kR

AT IA 78 W IE /R FE 4R 1 Y Hopfield fif 28 1) 4%
Rk ANN FEA T S AR L . JT4F, “H B AT”
(physical AD)FUGTAT , EEZA AT 5 0] :

1) SEARYHE AL, BVE B8 GEAL A% J7 1] : physical
AT(PAT) /21 2 BB 6% $0UA T R 2E W A RH DG AT 55 1Y 52
KRG, W WTHLEEA A 2B 3555t smIapLeA |
i TR B SER PRI SEA . Fe 5 Miriye
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H1 Kovat (2020) 4 i, I 5 WCIE R E X T physical Al
(PAL, Wy BN T 8 ) 3X — BT 2455 18], A it e g
N RSE b = €U NN G R EING = Gl R YN IS
TR ZR GEME LN R 36 P 52 A% 227 W) PR3 0 58 1T A
JEE A2 HAT 55 ST, S 4t 1R i BIS HE SR 5 HSTIE
Ao Pl F N S A HE S “ Py B AL, 2025 4F 1 A
CES J2x |, %Ak CEO B4 iy, HoE A2 ik
AT BT 23 6] 5E o) Py BRI 5L 40 B 32 R GERE 8 2%
AR HERI AT B R b B S AT 5

2) P FEAE S AL RIRF A5 7 ) A S AL
[ ANN 4% .0 /2 9 245 B 1 28 ] (physics-informed
neural networks, PINNs) . %77 [i] fiz - Hi Raissi | Per-
dikaris , Karniadakis 7£ 2017 % 2019 4F i] & 48 M 2 1
I 4. AN 2017 4F % 2025 4F, PINN Hi AR 28 7 T bk
o R . JUHAE 2024 2 2025 4 ), HUEL T Pirate-
Nets 2244 | 7 18 WA P-4 77 75 DA S R RS Tl 1y
FH 5 191 55 22 Tl B R S8, 3 L i e B R T T
PINNs 9P 58 RIS FHA4E o PINNs H I8 BEA AL &
% 2] (SciML) K4 8K 3y + ) #2407 " i i A0
P2 — o VBN SciML 4Tk () f 2 2R i, 10 3%
TR 55 A AR S G R T 1)
WAL AT for science [0 £ R A, 2 4G-
ANN F 4y BRI 55 8L
3.3 EHEFTZRYATS EE AL E — ANN i 224
B B

ZE RNN 7, BsHE] 5 20 (time constant ) AN RIS T
AR B TS P SR AT PR KT DR E Y o 2020 4F
TR VS M2 W 2% (LNN) (Ramin Hasani 5
2020) , HoA% L QH 78 T 8l 25 1T 22 14 i 1] 6 ZOpL
LTC (liquid time-constant networks , & 2% B [11] 5 %5 %]
25 ) AR RRAE 1) 3 W 9 50 A 2R A T R
BUAEBRAT B P B o LTC AR ISl 28 X 4% (LNN)
(A% O BRI AT 2 F R 303 ) F2 (ODE) 2
Bt oozh A, DL H & N I R] B0 RNN AR 2 TH
SR IRNE, JF5 A% B /06 ) 2 A B M o
G BOE T LNN S [R] 2= > i BL il . B —Fh
2 W) 2 F G SR R 1 % SIS [B] 41 PR R 2 1 2 A5
B, 2 B I B S K, BIFGE AR T i 2 [l g
M NCP ZEH o LTC 5 )2 WAL #h T4t 45 4
SR T R RS ECR P 19 AT e LA
Bl 2 B 7 4x O B AT 55 45 ) 1Y B 24 58 3R (Ramin
Hasani 55,2021) . X brali& B anbhes 5 Y BRL 2 oF

FEAL IR E RS, W R Y] ATNEIR 516 1 H
RIFF S A AU BAT il AT
3.4 HAHEMMBKSHRATUENS — @@ S5G-
ANN W#RE 522 1i% it

BEXT B R R A AR 1 AT B i JRIBR 481 g
QAT AN T B WS 25 B B e L2 3
A, W ar B AR S R] 2] AR (world models) (Yann
LeCun,2022) K FH ARARL, HAZ.0 AR iR ATE
BRI H BTy, BB SRt L s AR, O
RO A SR A7 S5, S 3SR - S - R SR 14 DA 3R, AT
AT ATCIN R TR FAERL) “ 475 Al ) B A 1Y
INFR ST, BRI E 40, 22 T R R
S5 (I BRI ARG 2R s gl #e) , LASE L
S BB IR AR 55 HoRR R R AL R Rz
b, & A SR R SOl A . HAZ LRI, B 6
AT b WO AT Bl SR+ R AT AT AR
TEABAAS R A B LA B 5 B 8l 5
JLIESS/EE

Ry S AR A% 37 B AT B SR IR 5 R A T
M %2 #4 (joint embedding predictive architecture,
JEPA) (Misra, L, 45, 2023) , #% .0 % FH A9 2 00 3¢
Transformer #57 (vision transformer, ViT)/E A gafid #%
FETME . O ML ETF S / Hin
Gt T TR EUAIR WUl 52 320 5 T 4% -
B2 9 Transformer , H] T 75 3R 7 23 [ 5 Fuil e HH
Y5t . A 328 CNN (4 LeNet ., ResNet) , {H 3 1 J&
i 28 B Al VT (V-JEPA) , e A G il it (1-
JEPA) IAIHERY A (H-JEPA) 45 o

JEPA S5 1T 1 B o ~) T 2R A, A B — 4
%, HIRZEHE : DIELGRPAER, TIERSAM
FRAE 2, 2) A W N 3 BRI W /R
TR 3) A H L PR S5 i) s FUAEE, e
G A 5 4) Transformer “h 5E ) | e 25 2508 F iF
155 -

JEPA $5 R BB AR AL A 5 - — 2 R 250
JIT A i A WS B L7 AR R A i, 2R TR
SIXIFRE ] s Z IR AR AR B 4E 123 0], Joik 58
IrFIBEALARE RE . YRR I TR R
PR 3 5, VBT PR A 2 X5 ik CAn s 22 4 A L
B pifk EMA 338 5] AR k) (HEkz R Gk
HIETE T JiAh BUZ R R ITYE W Meta 5 212
R A A Hh Y © I A2 Z2 5025 MoE 2848 7 S fiff ke 55
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IE 7 5t [0 R ) 223K, AR TR 5 DI f SOA (1B S
Xof S AR AR S AE AT, $5 C v A I S R ALE , 3 T
B A AN 35
3.5 IAMEBRRESERTAMNSE — “AMAL
HEIE S5 KESEM

FENFIH B2 FE R AR TN RIBLES I 2256
PR RIS R PR S IR e Y A AT Y
Feh A AR, FH X DO A AR X 7 57 1 A A =Xk 52
NI Ak, S S7 DR ER R | S A 32 [
DA 25 [8] F) e 555 e A 2 3 T 1) 5G-ANN (AR
PN ) B SEAE , SEBLAE DA )25 18 Y FLIE Rl

R 6 9 B 45 (Smart Trace Cellular Network ,
STCN) (ZEE4E,2024(d) ) J&—Ff HI TR 2
15 INFARLH] Y AR AL 1A, AL AR R 284
AR DRy B AR AL GE AL IS5
ZACAL TSI AR 1 R R R
JRITHE M 2T A M A B AR BB R AR TR AL
Z U AR ICACIE AR P B R A BN R B
W BR IR AT VR A R 5, R 2o g
il ) T A o DREIEAE M ICAZ W A BT, AR
FE RIS (BB B, B T M R 2% 2 R
R T LI A B A P Y 5 A R A5, 1
1 e e H AR B4 i AE B o i D R AR
R B RS RO W A, B R sk A
VC -1 i) LB i R 1 Y S 1] e
IS RGERIAZ O I BT X N B S
g

IR TCHE P 28R 5 A AT LA T DR E : 1)
S AWK TR BAT /NI FURRIE AN O bR B e | 1
JE MR DR A 5 2) G AL <A E B e T
SV PURE H T R GRS SRS R A (R
eI R NGRS N =SV NI E R R DR BN i
A7 33) SIS T AL i a2 > AW E A, 1B BTACE (B
A VERE ISR S 4) 18123k AR TR
T AS[R] R b R AR NIR S R GRIC12 3 B0y
R FFNAFIENZ 5 5) Bas L A Bhic e 280t
JRLPARRIG , 38 Aok T 27 S A A e ) A0 ) 9805 Joy 78 )
2 A AEE

STCN EA(REHE M | n] fifp BN Bl S 254
HAL EGICAZ S B AR, R TSR
PO 265 114 Jmy B, BE 3 NN, A5 SG-ANN 1)
DAL, g IR RE S it 1 H B e N Ak

IRy A
3.6 EH I \AMYIEHEZWN (E-CoPNN)— I3
5G-ANN HEE W 21

YEF A BATE 2 Bl ik A R 58 5 7 S L 4 10
HHF R, & 249 1R AL B, LA B A
BURTCHL R 28 Ry Bl B2 T —Fh B S A A
2245 (E-CoPNN ) 244, R4 IR 28 /)N e 22
B Bl ph 22 09 2 S B RIS Bs S5 m e (G
SCRE ) AR B, 38 A M & = AL R
BL P8 SR G AR FAMEARZS &, 32 S B ALY
AIARREE 2 AR BN RS ] FURS HERE B BE
J1, F DA T FIE R S A E, He A A
HIZERENX T k&S ] Free 2]
FBRARAE > H o ) R AR 2 —Fh A
25 25 1) B R AR BT, L 3 R

K rh, =2 iR B BR B 5t S e 2 il FL B A it
P, Horh & T RE XA E IS : RIS AEALH] 5B =
TR 8 o AR+ BY AL, SRR () i B e
PERE P B HEAT 5 /NI MR AL - A 28 I SC By + 3
I BRI A5 5 B A 22 00 S S AL < 0 A dR
B+ B 3 I A% O S LS LR E R G )
e, Ji] R P 22 SR SE BILTR < EREPERLT] + 170 U &%
T BRI AT 55 [ AR R

R T B - Bl v B Ty D R B
Bedls AR BB W FQBOE 45 RHR R R ARETA
AR AT R RUR RN XS RR XS] PR AN A
N A XoF 4 T 5 (] P 5 3R A A B 8 A AN SR 5
LRI FE L5 O FR FaFh 38 SOCHE | HARMK
o, R R IR Z R R (N - 17N - /5
FTARIRI) 5 SR F A b CIn AR TN R 1 B JR 25
F) B H. M L SR %o A S 7 1 S
R ENE =N I [ S T e o1 2 B N &)
A — RIEE N — RO SRR — sk
11— 505k ] — 42 FR AL, SRR E (AT EE AT
B E ST .

PEPEPEMLH] « 2L PR LR T A
#%” s Transformer 2244 W 18 22 3 VB 28 K EE 2 SR B
B4 iz FALE LR T, (0 BERI L ARAR , 1
N 22 1) e P PR AIL s R A B0 07 26 + T
B, BIGHE B 2OCH MR B I JCOC E &, e et
BLH+ BT IC A2 i 1 X REURR AR 2 1% 5 g A o 1 A
B WA AN ARERE . R, 7E R S AR

© h[E KR KL AR



8335h, R,
21 EF—RATHENE — BHINMME N %

M. Rse

B FLEIE

BRRSZS/
KR

FoN ]

PEEsE)

WARTH R =
HLARR 5

BF
+ ODE/PDE

TR AR R R

B3 BB 22 [ E-CoPNN 24y
Fig. 3 Architecture of the Embodied Cognitive Physical Neural Network E-CoPNN

PR 28 v, SRR BIL TR 2 o 228 I 4% ey RE RIS AT 1Y
PREEAILH] o AR ZAE) rppsh 28 [l % v R H A B L 1Y)
SR USRS B BERE R | AN S, 75 FR GE N AR
SR AZ LN S5 8 BCHE M 2 20 28 5 DB IR % ph A
WO, PRAIEZE 4 SRS — 3

NFEME SR L s T 2=, BdE 1)
JBRGr HARER GRTCHE S =2 Flansgim g s,
Sl E PRI AT ARG RROL , AR E g 57 1
RTEMEEZ I UF B o TEZE VUM AR R 7 12
FFHERREA (one-shot) A& 2, AR AT A
NBIRR IR 2B &I 2 40, MiA& 48 ML/DL w5 50T
I BOTREAS TR FH 2 ML & 2 L) A DL o S e
Sg==| BPL(Bayesian Program Learning) JAEAE D
7 I, P DL o 37 I 55 O 4 39 e T A e UL
HHE P (B4 (Lake, B. M., et,al. 2015),
KW ZFONFN L : N & 85747/ 5 R 1
FRAEE Canbr R AT A b 8 im0 A SR |2 (3] ¢
), LRI . AN, 7E A 32 3k 45 (Zheng
Y, Bao H, et,al. 2019), 7] LA\ “IR ) + FERE 17T
PN NRE T = AERRESH B — A 22 1
(GNN)/ EIZ5 A @B XS N H B2 3,

A2 H, 2R sy BB 2GR A RS
7 0 00 8l g 2 B A [ i« ] LR 28 A A R,
ODE /PDE (i {7 > FA; il = (e sk ) A A ZE R
W 1 5 0 S A5t 1, S5 IR /) il o 28 v B
O SRR - R R -7 3 18 AR g B i S ] 2 0
LTCHLH) , TAEICAZ+4E B+ IR AR ; e s 2 (%
) A A SRt 1 SRR P 1) DAV B S 15t [ - P oAy

Wk s S+ DR 9 B /NG 2 0 ] 3 3, FH 44 3K B
LIF AL AL A 2t A, DA se ik, sE i fa k3
SN ATl s A E BRI R G LS
AT FEIN 25 (8] &R A1 32 (] SRR T 38 L

AR . =Aidic 28/ A B iciz TAEIC 2
FH I R 48t , A TR S 2 A RS, A 45
FAACH SRR B 5 4 AT R PSR, A D
12 BIAE BRI A2 B PR P B, 38 3k 24 E A iR 1Y) £
S 1A ¢ S o S ff i H A, LA S AR R I e
% 7 B o

L] SRHFESEE ] Rpgst 2] fs Ak aE )
SRPEE B ik B ETE S22 2] h BRI A B
HEFL B Y 1885 THT () A Parisi et al. , 2019) (FF4E
22 2 ) GOMEME B R [ (French R. M., 1999),
DL s Ak 27 S B e S iz AR ) 257 S R BR 51
PR A 28 I 26 5 i Ak 2 ) (A Rk A L SRR
S Ak 2 2] PR 2 2 AT 55 b SE I N R AR i v ATk
(Mnih, V., etal., 2015),JF C 7& A 3125 3 v 1521
I FH (i e (B4, 2021) o

H 2448 . E-CoPNN H = )2 i &2 2] Msh )5
HJ2 0] % 1 (Local BP) 2244, IX i T 1% 4t “ Il 5 - ¥
By BSR4 R IR ) A% 4 1% 45 (Global BP) ) #2545
AL e ANN R, rhit 22 23t PERE2E IOk
PRI MRS R R, X — R ) [ R a5
Sk gEHLE, Xia etal. (2017) 42 1 AU Bk I 45 1F
ZRHE, S ANN 38 U5 R 2 48 i T A7 PR SR A AT 7% 1l
MFEAGE . A SO O i 2 22 258 3 G R
TERZ% 7 A 45 J2 5 R R 22 LR IR ARTR T3
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B A GBS (BE 5%, et fen st
k.

/NG E-CoPNN HA WS IN R IRE WE
AG0) ACICNAN (= FACAZ SR 2555 A (BR
G AERERE A e S &S A ) B AR/ AR
(B B 5 BB A5 A S W2 (6] 245 40 ) SR 4RAE
HA A BN L5 NEEAIZ AL R R ARThFE 25
TAHIAE 5G-ANN B ARVEE & o 5G-ANN AT ] 28 fixi 38 FH
Be, LshB b LB T4 SN0 RS 245 6 Ak
ARG, SRR BE B FUL 5 5 1) 45 44 FR ALY
SCPLH ER AR S RRLE 2 B A T

4 RBEBEHZLE (211422 20—50 F4)

4.1 RE

21 48 20—50 4E A& AN F 23R (HCP)
FE 1 53 B B S it % 2 IR A 5 — i B (2020—2050
A ), 3k — I LK 2 4G-ANN [i] 5G-ANN 3o I & J&é
IR Bt o BLBY BB ANN & JR R EARBLAE LR LA
451R

—&, 20 Al LB R AR 5 B B e AH B ST 1Y
WFFE YO R IE 2 21 20 () 2 B\ L mly 2 1 5 =
WZmEg—mtai. 8595 RE, 55
B RE AN B A7, BB R RR B AN A, 7
Gy RSN R RE A2 B IR R DR . M AR
IGIREAREs TN B E: SOpN AN, L E =g N 2
Z G0 i R HLER AL A A7F 55 A0 02 FH 5 42 i X0 4
R I R 1 B KRR 2 R B 21 el vt 4 =By
BOAE A0 M2 43 PR30 2 T R G 1 5 ) b R /)N
R R ARSI ) A WL 28 32 42 TR 3, 0 SR i 4 ki
TZA R I 22 56 1, B — 01 LA /N B A S = A
Yy 0L B2 2 A BRI SRy B, 4 L A R B ) Y
B B E ph 28  48 A 78D (Cowley B R, et al. 2026)
WFSE 48 D8 2 2 AU B AL B B A% O,
FIG G UE B /IN | AT ff R A A TR (R A B K S A
R IO AIE T S5 R B BRI AR W 2 E AL T
CMERBIRNS . SN B AN A 22 N 2% (5G-
ANN) ) B AU B R (I 22 22 e 8 X
ST INAISHERE, Wit — e 2 B 2w
I RE Y pl 2 AL AL T B LA, 9% T % (2021)
it A N RT3 () 2 M) B BRAE T8 R KR R
5 ) D 248 254 5 TR DL

TR MR R B AW . iR
O e N IR B & e NN E: 5w w AN ]
2% 2 RS R T AR BRI 2
I A 1 AR BCHE LA B9 O HL T (Wakhloo, AL J., et
al. , 2026) . X—HIS MR R GERIZ b B RETE S
R ARIESR AL TR 28, o — AR A R g
M ZE P BRI TEBEE T R B S H

R, AR B RN R B 4 25 A A A EL AR
ANN R A BRECHE 7 8 AR 2R % IR e % 3 A
B MM RE L MO 256
QNN 43 T Wi 28 W DNA-NN 250034, (i fE
T s A WL RUEE < SR 27 014 ki A WL o 28 Bk 422 [l i
R IR R e A BTt 7 AR X HEslf— A%
N TG B BT80S L D B ke B
IS E S R TR ZOURUE R 1] B
B Y- BT YRR SEBU A AR
R B RF ST B H AR . B 21 22 dhrk (2050 4EiE )
W PO R AR B A 5 B ALY AT A Y ATRS
MESEAERATUNINCIRN S RN PN =2 L NN
T RCE AR SR AR ) Y A o, Al NS
A PSRBT B ARFR I, HEABE ) A BRI S
R IR] A i T A R R 8 SCRT B Be . S8 21
OB IR 5 IR A ZSIAFNBE T, A58 (A AR 1)
A o
4.2 HEiE

RS —CIe MU T, AR SE S
BRI AR AR B S A P AR S R R — R e S A
M SEERIZ 5 S 21 . BB — I AU TE K
T XML GG O TS A R, R 21 2 A
PR N TR e A B B 5 1n) BE 58 T IR S Y 7 2% Ak
fitlh s FERE BRSSP T 20 tH 20 A= i B4 3 21 ]
TN B2 () 0 e | EL B AR b 28 I 45 JELRR AN
RIETE SR A S B BB ReZ M A s i
70 2B 4005 5 1) 25 A8 F AL, 5G-ANN  figi B
2 N T R A5 S 4 it A B i i o i =, o S 4
4G-ANN [1] 5G-ANN [ BRAE

N TR REFH B U —FF, WA N B,
N TR R FERE AR G532 5 10 & 0 B
2 bz R W AR O BRSO R AZ R
il s Proe B Iok s o S AR BB SR
BIEE SR NS TR IEIE . AR XL A,
AE S N TR A8 “ T RBIS” UMM A, S HLE M
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RSN TR, ibH AR MRS TALKMES

Bt AL W RE5BREZ A TESERRE
B il dn 9y 35 B 50 AR T % R 69 B 3T A SR
HrRidf PR ERARFAFEALEE T RFRITR
“AITRHATEMINmIT ETE R I BB REE
%m&ﬁ&ﬁ%%é%mmmm%ﬁﬁ%a%ﬁ%
A F 0 BB IR S M X gy ik 5 H R 7(61932012),
AB T ELERS EEB 2 F LKA T ERBDBUT
BAF A H7 A A (3£ AR “Newton Fund”, Bp “ 4 1
A AT @A T AT IR S A4ET R
(UK-CIAPP/324) %4 3 & ; 33 5 5 48 K AF 50 449 4K UF Ao
BT 00 A B, AR R TR R
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