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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 objective of constructing high-performance ANNs that featuring
adaptive topology, interpretability, strong generalization capability, and high energy efficiency. Since the initial proposi-
tion of ANNs in the 1940s, the field has witnessed over 80 years of development. Extending to the mid-21st century, ANNs
can be categorized into five generations based on five core dimensions, and such generational evolution constitutes the core
trajectory of neural network research and advancement. This study 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 McCulloch-Pitts model and the perceptron; 2G-ANNs: Con-
tinuous activation networks (e. g. , sigmoid, tanh), typified by the classical back-propagation network; 3G-ANNs: Repre-
sented by spiking neural networks 4G-ANNs: Deep neural networks, represented by AlexNet, ResNet, Transformer archi-
tectures, and the attention mechanism, which have passed the conversational Turing test for disembodied intelligence ; 5G-
ANNs: Cognitive neural networks, with five defining characteristics: 1) cognitive units that integrate 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; and 5) the
embodied Turing test that remains as a breakthrough. A core academic consensus has been formed regarding SG-ANNs.
That is, such networks integrate neural computing, symbolic reasoning, and cognitive architecture with low-power con-
sumption, support dynamic topology, memory cognition, neuro-symbolic fusion, and embodied/world models. They
exhibit intrinsic advantages, including adaptive structure, few-shot generalization, interpretability, low energy consump-
tion, and embodied cognition. At present, the field is in the era of 4G-ANNs, which are characterized by data-driven fit-
ting, deep learning, the attention mechanism, and Transformer frameworks. Represented by large language model-based
ChatGPT, 4G-ANNs have passed the conversational Turing test, but such validation is a “black box” assessment that is
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 that govern the real
world, and critical drawbacks, including jagged multimodal and multiform intelligent output and inferior energy efficiency.
By contrast, neural networks that are deployed in embodied intelligent robots lack autonomous intelligence and can only
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. At present, extensive debates and divergence persist over the developmental
orientation and technical routes of next-generation ANNs. This study analyzes and summarizes the developmental progress
of mainstream theories, models, and architectures of the first four generations of ANNs. It focuses on the characteristics of
several typical 4G-ANN models and their enhanced variants, and reviews representative architectures for 5G-ANNs,
including world models, joint embedding predictive architecture, cognitive spiral models, and intelligence-trace cellular
network frameworks. Finally, grounded in theory of cognitive physics and the practical technologies of driving brain cogni-
tion, this work proposes a lightweight architecture, called embodied cognitive physics neural network (E-CoPNN), which
incorporates the core characteristics of 5G-ANNs. In particular, E-CoPNN features dynamic topology (three-layer nested
structure and dual systems) , memory cognition (three categories of memory) , neuro-symbolic fusion (integration of Euclid-
ean and non-Euclidean data, combination of lexemes and concepts) , and embodied cognition/world models (fusion of dis-
embodied and embodied intelligence , integration of cognitive space and physical space). The proposed architecture embod-
ies the typical properties of 5G-ANNs: an adaptive structure, few-shot generalization, interpretability, low power consump-
tion, and embodied cognition. Targeting brain-like general intelligence, 5G-ANNs regard dynamic topology, autonomous

memory, cognitive reasoning, and structural evolution as core attributes, shifting the ANN research paradigm from data fit-
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ting to structural reconstruction, and thus, representing a pivotal direction for achieving machine autonomous intelligence
and continuous learning. Conclusion and Significance: At present, the development of next-generation ANNs 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, a disciplinary expansion from 20th cen-
tury biophysics to 21st century cognitive physics; model-wise, a fundamental transition of ANN research from data fitting
into structural reconstruction; in application, bridging the long-standing gap between disembodied intelligence and embod-
ied intelligence in ANN development; generationally, an evolutionary leap from 4G-ANNs to 5G-ANNs characterized 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, or the four cutting-edge tech-
nologies led by cognitive integration. Finally, this work enhances human intellectual competence and ushers in a new
round of cognitive revolution.

Key words: artificial neural network (ANN) ; fifth generation ANN embodied intelligence; disembodied intelligence;

embodied cognition; cognitive physics (cognitophysics) ; embodied cognitive physics neural network (E-CoPNN) ; unified

field theory; intelligence field; human attention mechanism; selective mechanismj driving brain cognition ; review
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TR TR A BE, AATTHE IR 1 R 22 )
2RI — DRI R B (R s — Bk
LI . McCulloch-Pitts model, 2018 4 #¥% 1F = 37 M
A=Yy B 4406 B BRI, J& ANN AY J5
BB BTN EZ )2 A5 B 8 E AR R E 1Y
YIZRPLH], RO — RS e i . 78 24 1) M-P
BRI AT AR B SRR i (0 ) PR ARAE R ARFEAR 1
NIERRZ AL, AN T e, TSk,

WS, P RIS AL RN 7 4 2 AR R 54 1) v
Bt EaLn W dilE I TR ALAR 81 R (1948,
1950) 25 1 1 434 7 ML B BE Bl ¥ AdE A5
PR R M J5R 3 - K E WX ANN #4T T
WFFE , ANN 95 B4R LA i 2 LS5 M 1 7 2
Z—0
1 1.2 ANNAEIE I (20 TH42 40—50 4F40)

B J5 | BRI R S L e
MR BEAT N, BT N5 1 15 S, o3
B HE T AR BURE S BOULE: A LA =) BR 25 i
U, 1948 4, & R 74 [ [ 52 1) B 55 5 % (national
physical laboratory, NPL) N # it T — 1~ (& GE ML %% )
(Turing, 1969) Al i, it rhe il TR REIE S S E
REFIE k. BRBIESA Zfh RSB e e 5
RE. B REHIE Jr vk : HIF 7 SR uE LA 2 AR I 1K
(CEE R ML)

5 B9 AN LR LA D B REA
WIE: HLAS AT R PR REAT I, RO AR LR
P D, 2 I R i N T RE AT AT R A A o 2) BLAS o3
FRF AR I B U S SR/ S HLAS o T
PLZEAS AT AR R A5 ARIE . 3) TEAH 4
PLARBL AL . A LR 5 ET] (NOT-AND gate, NAND) fifi
L3 5 1) dc ] 0 265 5 B BN A A s, S T
Yo/ E " XA E R 2 J5 ok Bk 4 3 SCF ANN 1Y 4
o )22 SOUEHLE] L as ol i 2 s | B
F8 S ) I s R AR AL L R4
S JEoRRAL S ) BRI A EIE ISk . 5) B eI
GIEAS 2 P R 28 RBAT 55l 41, H:
A S ARG I (2 B R | DA g e
AE ;B X7 H B e (HLde N 5 85 S 8 Ak (1 2E LB
). )P 5 TR AR RERA KRR
P, T AW 5 2R 0 TR, Sy ALFS 3 55 )
SRR R BRI S

HHZARAE R AT SR, HE 1969 4EATFLUIA

TF &5 RIRES 32 S Ak 2 I B SOAR . X JE R
AT K JB 50 B K B S R 1950 4F & e #E (Mind)) I
B SCOTE LA S5 8 68 ) (Turing, 1950) o 1% SCHF
T L T IR R ) B LR AR SRS I 4
T — B AR R B HE S I (R T3 &
BRETINE) . FIRIEHE - F 2000 4F 62 B %
SRR THEALER T, REHETE 5 73 i SCAR XIS L ik
Z 0 70% M9 N 8P F TR R X B S B
25, N SE o At H 1 B UiExk” , RIS SRl oy 14
FAM A T7 7% o CR REPLAR )4 3K 20 tH 40 B Re L
W RGEEE F e COTEIL S 58 fe )t R
& TCEATRE BEAS 1 52 5 S0, 1 AL B
A WS Rt ez —.

B AR B J B < 20 T2 i, 1 R LA AR PG T
PP 2F AL G B0 IO X SR X RRHE A5 AR K 5
R 1948 448 BB IR & K] 430 B8 B e A 2L B 3
& ; 7£18 3C (Turing, 1950) 4 —FR M iHH & 6E , H
RERE T A A T2 B e, Iy vk e
CRRARTIN, 2L T B R, 2 T id
o JE Ok TR R A R R SO R T AR S
(Searle, 1980) L X X Ff UL 4l 775 B ¢ FlIE 2 7= A
AR RE R I L T BT RE
1.1.3 “ANTHEBE A, 1G-ANN il A BRSh 32 LY
R (20 22 50—704E18)

FIZER REHLAF B 47 AR HE 1956 4F 6 F1 8 /],
TERFEF I 2 b, 2422 RN T 200 2R 2 K
HEAT 0 8 JR BT FEAE S g — R N T
AE” (FTFR AL (HXF 5230 AT BOBIFIT B 2R A 1R Rt
Ja AT AT = S GERRR T s U 4%, Ja 25 B
fig) (gl 32 S CBAHLANIA AL, J& 1G-ANN A9 1L
FO AT T AR FIL, R H ST RE) =
KEFUR . B2 70 4K, BRAS 32 LA ANN 5 2 Al
WFFE R E G, LA A LA ANN R0 % R sk
MIBFIT .

1)20 22 40 AR, AL Z A FHEZR i
ZACH - K S R S I I I R TR T RS A Y
FeFR, 1948 4E 9 F AE TN BE T 24 B A v R 2K
AT AL AT CE BhAILAY — 8% 3R ) T,
J& T 1951 4 % 3 (von Neumann, 1951) , IR &2 5 [b
BOTREMNSE RS, /e ooy TR G FeE” (il
SR ki B S 1 S A% B AR AL ) | RIS 22
KHIHAT I E S AR AT B A BT ] . Z SR

pan|)

& H o
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M58 b B R g T B R LS MCP (McCulloch-
Pitts neural network ) f# 25 [ 28 S50 P BUGIE BH - #0125 9
28 S5 b AT DI SEAT A D e, ASAT AT B T AL
— R, AT 1957 4 R I LA Ve AR Ak AL )
X5, S AKX A5 SR o0 5l 5 R (5
LS AR A A Z i A ShPLELE ) —AREE, il e
1958 F1 1966 4F- H} it , 5200 T B 220k [ #2854 24 40
S ANTE 7 sE RIS =IOk = A R S A LS NN
Hiki T DAL R v 4 B T B I HL (perceptron)
FIAFIHL(cognitron ) A4 25 [ 2%

2) I HL—JER AT 28 1 2 N 4% . 1958 4, 3 >
- AR A PR AR 5 M-P AR R R TR A 2 )
%% (Rosenblatt, 1958) . JEAIHLIE A1 242 4038
BEAY E ANN B 1 5 208, AR 2 A 4540 )5
RIMRGRM LML, (H1969 4, Minsky 1iF ]
PSRN AL T A D S 8 (AR et ) I T, o gl 2 A
RUAFHE TG 1 A 3 5 Bl [m) R ) Jmy BR 1, ANN S8 %
R 2 M [ M A R TR B 2 ST BRI A 2

3)INFIHL—MZA L (neocognitron) . 19754,
H AR 2 25 4 0 0 2 2t N AL 1 4 2 28 T 4% A
AR CNHIAILY 3 —HORBAY A WA 52 1 2, 1980
AEACHE— 22 A 2N HTL (Fukushima, 1980) , fE
6T A HIHLABE Y it e A 5 U 31 e 7 7 6 A A2 2 [
W Ry A TR 25 ) 2% (convolutional neural network ,
CNN) 2E5E JLAl . Fukushima(1981) & Y4 H1 DL “IA
KL iy 45 B 2 b 28 1) 2 R0 TR0 400 5 A R 5t
o PRI LA Yy SR 28 A B2 Ry 0
FERE AL HE AR R DHIML B O STk AE TR A
W RGN EE R 5 DI RE , FR G MU Ak ok T B A
R 25 D 2 by Cn Ak “ R IE R B 2 I 246 4t
Bz 0 SR T8 B A= i e ML b B BRORE R 15% 3
FL” 1 F s ia . XS >k 1Y Hopfield M4
ik b 25 I 28 (SN FlAS R p 28 I 4% (CNIN) #1541
=&

1.2 HHEE . BEREE, RIS, 2G-ANN/3G-
ANN BHX (20 142 80—90 £E 1% )
1.2.1 Hopfield #1£5 M %%

1982 4F , Z A W W B4 (0 I &, W) 24 R B
FEIR B Y Hopfield #2825 45575 (3 VA BX AR IE 12
L) (Hopfield, 1982) , 51 A T “IH 5 A& "M 2 .
1984 47, M4 H 3% 252 1 [A] Hopfield 1 28 W) 26 45 7
(Hopfield, 1984 ) , b #1 25 W 4% A BE ML 7 A4 B

RIS AR | B T U o 2 I 45 1) A 0 RN g BB
FEmth , A JE R AR DRy B AE A 0 B AR AR,
RIREE UL T LA W B2 Sy FE Rl Y ANN B
FE 1], S A9 ANN BF 58 T 3R 088

1983 4, 2 il % Hopfield M %% |2 % , 5
Sejnowski $& H B R 2% = HLARIE , FHGE T4 3 T 2L 5K
PRIC Wi 24 2] (Ackley %5 ,1985) . 1986 4F , ¥ i 2541
R ) AE %51 (BP) (Rumelhart 45 , 1986) i 2 )2 4
2T I 2R PEAS B e 1200 AT A L H5A R
T SR IE S0z — Bl S = UG h AT &
Ui, B A AR KRB AL AR . J2 2G-ANN [ 28 2%
B

1998 4F , LeNet-5 (LeCun) B 78 T 1 4~ 3E FH & R
PRZE M 2% (CNN)FEF B HCEE RS R i ml . (324
B 38 5 B AR A 2 HAB IR UCR e 24T 55 1
A5 Je 37 45 18] 1 ML (support vector machine , SVM ) 45
J5 5, ANN BIF 50 Bifi 5 — B2 R IR, B 3X — B B (2G-
ANN) N J5 SR B 2 2] ()48 % (7 R 4G-ANN 19 JE B
BEOE T OCHR YA 5 A0 At
1.2.2 Jkmrh 28/ 2% (SNN)— 3G-ANN (20 142 90
AR ES)

2G-ANN J& % 2 BUE T 50 00 b 28 I 4% T ok ol
125 I 28 (SNIN ) J2& — P 288 i i 28 I 48 A 78, B A5 45
AR 22 TC K g B 5 AR AL . 1997 4R TE AR
Hi SNN 4 4 (Maass, 1997) , i T & A 42 2G AY CNN
HEAE R R SNN 7 %) 43R 3G-ANN

SNN L ik o e 50 i i 22 0 (A AR 0 A5 Bk,
K H i B3 il HL (leaky integrate-and-fire, LIF) fiij £k
P 28 SRS | At 28 TS R P 7 7 2o 180 1 22 ik
oh S AR YA 2Ty AT R ALE . oA
OREEC S R FHME Y « 1) F UK SN Ak o & A B
WO BB, BEFEILAIN T ANN,IE A% /(KT
e Rt 2) WP gafith . KARADHSh 2 / S5 444 (an
DVS AHAL & BIVERFS) | IR B R A% L 384
3V I : JEHE A R 5 o o) B0 BB I K
JZ R S IR AL PR R AR

{H SNN #2 t Ik — ELA FHFFE B B , 33 4
FEN FH P A S0, WA SR 4 B AR 5 SNN
S A 0 4 i Ao 282 2 1) 0 L T HLE AR IS 5 Rk
Ji% , Dorkenwald % (2024 ) B YK FE 10 J3 #0122 S0 53] 52
IR IR i 4 Py A P A5 L, R TR (302 M Z80T)
HE S 7% W 45 EL AR, i B AR 2 B 5 B ]
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ik,
2 211tZER9 ANN(21 22 #)—dhit)

2.1 ATHENBREH - REFI XEBEERE Q1
LH—20FK, 3 NT 4G-ANN BF4X)

2.1.1 21 2R A R E T NBICHR & KA LA
WAL (HCP) B 15 3

WA 21 28, Sl 2 21 28 Bk 40 4 ST
Hk, 58 [ [ KB o 2 4 25 (NSF) 5 5€ 5 7Y 45 A6
(united states department of commerce, DOC) % T
ZANFERT0 ZUR RS S5 RWE TRG UARF
B, P m NSRBI A, TUR B4R 90K A9
= B A, PR NBIC (nano-bio-info-cogno) , 2000
AR BT AT, 2002 4F % A 42 15, 2003 4F I 2 H i
(Roco Fll Bainbridge, 2003) ; NBIC % 15 B4 12 £ R i
REZR, DU KRB G - 9 K BAR () Bkal) A= 4L
AR AT 2RG0) AR BER CEis b 3D A Rz (]
RESMRBLA ) o 2 BRALA 5 BR AL LG RUE W i 5e
— ML LA , 95 8 NBIC B )42 1 5 15 27 B[R]
P IANFIRL 2 Al G 5T, gath 7 B S Ak
—INFIN e T BB R e B 2k« 22 BB 3R oK A
B S E R >IN T B SR
AR INHIRLAE SR S5 5, NBIC DU 4T 3 vl il £, 79
NERETI Stk .

NBIC #f¢ %5 i $2 th 17 A2 A0 2H 31 % (human
cognome project, HCP) , % HCP %1 &y 21 22 /i 50 4F
fe e G e S TR 0 B N 26 4k 4 3 R (human
genome project, HGP) , H AR 2B E A0 AHL,
B S R R 17 R G NBIC (992K A=) AR
BONADEARRS ATt NG 222 Gdie .
PSR 5 1 1 fE
2. 1.2 AN (HCP)#F5E iR

NBIC fiz 5 F1 HCP 33 J& 44 1k S, 2 ) 4% [
BB GHE T ERRR ST, 2008 4, 72
FEIRb 2 AR AR T B SRS T R E K A
SR} 27HE 4> 75 5125 (National Natural Science Founda-
tion of China , NSFC) & 3 T “#Wr 4 5 B i\ E T
S RS (2008—2015 4F ) | Ho2ERE 38
KRB GTHENRLE SR E OB RIS 7
> 4 LRI SR I 2 BSREG M ShZS R A
I UM R 5 P TE N 25 B 22 i ML 11 ) B AR 4

N ZEG] I ATCH B8 6 ) B Al IS A 58 A G
FEHR B2, #ESh 1 b EA A A B B RE
CHILES ) FRATL I R AILEE 1) Sl & e . SE 1 Y
fif 71 X1 BRAIN Initiative (2013 ) | KR 23 (4 A figi 1 %1
Human Brain Project (2013) LA K H A i L0 14l
Brain/MINDS (2014) 25 A1 4% )5 5l . 2018 4F-, iy
P2 A I VI B8 B B U A ik A A
ZRR R R [ PR KRR, 2021 4 o R
1E R B SBHEAE 2030— IRl 5 2 M 78
K H 3 L) v e (R4 Mg 45 ) 1l 1% 5 b 2 3 42
BLH I 5% HE 1) 6 0 1 5o B S T ANN 7E AT 40U
) 3 S LA

2. 1.3 AR RS — ) 45t

20 22 90 FEAR W, 3 44 Wy 2= Kb Ak 7 R (B
MG L B (B8R T, 1991)
T FRATT— AT A L 22 A 4 R 2R A 2 ) B
L e R B AR ORI B . NBIC Hr
Wy BB K B8 — ) B 254, 2 5 S0 A L 1Y
LA S5 TE , R 2 J L 20 Rk SR As th i .
oK REY) L5 e E 1 FRH PR BT, 4140, ALSE:
J1Z 4 B SO e TS e B AR AR PR 2 4, AR o
SRR B AR ZEWT L AR5 ) AL DY
2R, R A2EKPH S E ) 58 4 A% 0 53 s 10, 90
K AL B2 A AT S 30 B L A X — L AR
FEA K ROEE 25415831, 4n AlphaGenome 5l T &
PRLZH 2 D PP B2 B ) “ Th e s " B B . Y i,
TFHARN KN AUR R B9 o 1 5 T R SE Bl i
NGB R 5 S SR X K R S Sl Y
AL SAMESR . 2025 4218 R % [ 1966 415 7. LA
K, B UK LI T8 1F B R SU  BFE BUR
Z BRI R o i ) 2 R B S T LR
2R G -

2025 4F- Wy B DR 205 < e B0 R i v %) 2 WL
i) SRR RN MR i T 3 T B
58 UEW] T R A A SRR (LB 2R 400 | RE
o ) RO T L8 i EE MR G P g
1k BRIE T MAHOUE B 72 W45 44 DR 5E D) 16 i LA < B
FEEYE T TR IIRE ;o7 F A5 E T 40
MY TRE ; M QMR S5 DE T Rl 2 I B T e 5 fil 22
W B S5 R P RS R TR B e ) . s 1 T
I, e R REAR AR SR T O3 700 A B2 ) 2]
INFNZS IS —15 5 .
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1 Ge M 5840 Jry B TR0 2315 2 O DX R
FE A TR Z 0] e KI5 AL 3 5 IA %N D) 6E
YA WL pf 28 R4 (RS il = R G P A AT, T — R
IE 2 R A 28 TR B TAEDLH H8 78 i 0 & HL
PR SR ISMTT FA A  OCBE Ay . B e A
DR ) IS TR B8 I NN S N €A TR SN
PR 2D B W | RS B AT S B R S ) A
W 3% 422 P 2 & B A AT AT, W sk ph 2 B
[ T o 1 KR TR
2. 1.4 NFERRLE e P F I G o f 5Ll 2
QNS IBLIT oy = VA

20 20 /T A LA 22 Dok, AT 22 K B K
AR IR (1596—1650) NIRRT P75 27 AL 48 P AR IR
& [ R B0 X S Zoeie s )iz B R LY < R
KRS OO, ERECLR) T, FiK
SEAUM, ARV AR . RIS, rh E R AR
R OFER TP (1472—1529) 8 S 1 “ A&
—7 BN S SRS — RS A —, B —
PRy RS ER SR T A — " AR T A
R ZOUME, BB PEMIRLERR (ZR Tl
LA L, B A R R R A A s B
TE TR 2 8¢ IR A P sk 5 R B fig
77, RRXHEACH R 22 S i 50N

20 e zd vprt | ik [T 22 A& — 2 4% (Maurice
Merleau-Ponty, 1908—1961) X} & .0 X 57 —Joig i 17
TR B BB e — oo (BEE — ) TR
FERCRIE”) AL G 2 A T B0 ZJexsar il
TE 1945 4F 8 5 1 (1 58 B 4 2% ) (Merleau-Ponty,
2001) H R GE B T BN A %O AR
ZHS IO BRSBTS AR AE T
SRS IR AR b @ 58 RILE0 o
VST LG AT DL b e 2 A AR LR VS T i s
Hi 57 1 B B A =, AR BT R B0 o LA
INFIRL 5 N T8 R A0 I 10 22 i, 4 8 BB T 1k S T
SR RS s, I TS A B R
SRR ERIOCHE . MM — e T iE R i E 5
B 5 IR 7 IR A 3 AR R A
— IS B A S ST S g1k

RS —Icie W MEF T, B8 e S 5 5
BRI AR TN S B P AR TR R — R RE A A
(LA 2 T S S B2 T, AT — S B e B
SRR UM R 55T SRR ) R A AR

BB AR A 2 B e 0 S ah FOY R S Ak B
WALRE S o X —Z5e 0 N TR REWF o5 oA 2
{8« A A T8 FH REAY SR, AN BB AU 1 ) T B 4
T, 20 E LS G B A St S B i A
P LR B R [ 2 S B E 3h 5 IR ) S
iR A BB DB AR R i
J& 5 N X 5. M — D Y 2 BB
—JCIE A AR IA SR 2 45Uk 1 L B A S e Rt T
FRAE (45 27 B 3L 5 B S 13, 1 5L B A i A —F
2B T B L T B R S AR SR T 5

M4 o RR GRAE TER B — DUBR — 1 S
RRMUER RN TEHEREE % HE B2
TR M5 R 8038 3G g i O TR e il i —2=
T 2 AR AR SR ), TR 2 AR A R
(2026) . ZBHBX > T8 2E 5868, A H e
(ISR Fem B E = B B B BRE, -
N T ReM 5, 78 TR e A F AR A A iR
Eohopl g ok il 2 U HLES R BE SN T AR 5 T HL
AR R B A S NS E RS IR 5 . X7
AT A6 554 55 AN B B R REAILAS B 47 58 A, 1T B A
AR RN AL . NSO R J I 43k A
RAENIE & DLEe L IEDLAR 8 AE 5 A
ANZE B 5,
2. 1.5 NEWERELG o T 0 s R G S8 A
W)y 2 BN H B 1) 5

e T AEC21 22 Wy B ) HR A R 3 . B 2
(20 F TV 2 B RHORFFE T8 I AR B2 |
YRR AR . 2028 S04FE/CHT, DNA (deoxyribo-
nucleic acid ) BURHESSF 1 & B0, A T W) Bl 5 4
WIS IES G 7oA T A B XA BB AT AR
A RIS . 1958 4F , 35 44 L AR W2 52 4
YRR BB R B A A T R B A
VI ERAE ST o 1990 4F 15 27 B [ A9 A K TR A
RIEHA T (HGP) s 8) : £ A2 3k, 9% 1k il H
Bl INA L1999 4 E 2 5 CRME— & e E %) ,
HRAH 1% M FAT 55, 20004F 6 H |, 58 AT 55« TAEHESR
7 (78 55 97% L 4) , 2003 4= 4 H |, 58 AT 55K 40
(7 55 92% ) , PEHT 2 4R35 b5 o 3K B 38 [ [ X )2
Bt B W T (Bi02010: 7 A RHE #H DIEFR R
HAFEIE W FFH)ME AB MR E Rk
WO, B e Sh A Y F S YRR R R LA ]
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A, 3 EHLE Y L AR RS L 9IRS SLAG 20
B DOk 3 — A W) —(5 B RS T U Hh
W EAECAE Y B se i 5 S A AT ) (Nelson,
2003) , Ja B R BObE , B 2 SR S RS

2001 4ETT 4R, v B 2 2R 00 R Hh AT 2
PEN TR RN B JF RS T Rl G AR W)
PR RS B AN ALBESE Z e . 4, S 2%
YY) —(E BN RS BRI S T IAR
YRR A% 08 30, BIRLAR A =3l 41038 30 (2
% 45 ,2024a,b,c) . NI B R MRS
W XE TS AR R LA L BRI T &0 HE Q3 Ak
4 FhIAFIREARL A8 Bl — A S AT A A R E”
X — KM T 55 AL = KFIR (FF 5 4% AT
ORI, S TN R R IER RS A T
INHBLER R RE 7 72, DASE B HIBIL &8 AT fifk A 1y 1]
RN ZEERAE RS IR B 5 A s 3R
FIREE QA Y R 254 (RFE]),
pOBE G o ey 1| /RN E 7B

A 20 20 i A g A ) B B HGP TR
(58 10, Bn s A LR A RE 2 LSRR 5 [ RS R
SET RIS A ) o 21 28 B DA 0 B At e
STHCPHRI A S E, (i ALBFZE A ] it e (1 1 R
DU A fige g B 1 R A 98 R
2.1.6 NHWERALG o5 0 B S IA RIS A Yy eh
2o LA

HE AN (Varela 55, 1991) & 20 th42 K DIk
INHNRF 2 SR 1 B 2 50 2, A0 5K AE
TR I S A% B A0 32 05 B i, 4 B
I A7 5B E TN s A% O S . IR
I NI R A= T ORI N &R AT 3R AE 5 2 4R
TR, IR AR T UGG B A i g S AE 7R AR B
IS 3y, R ARAS T A A A ) W) BRE AL Iz 5l
EX MDY RSN S 7828 e AR [NESI PSR I = B =N
B0l AN A EFWNEOEL EXE 35 WOk AN LI N PO P
ARG (BT RS ) BRI (R 46
PLSE T Ao | LD FIBR 50 4 ) Yk 22 O T 4 [
M RGE AR REM 2 R G0 A, BB RS 2 R
NG 7N Ao 2 0 % K R B e DB R AR LA
o= gINEL EZSAmIP U S (Tl o8 = gINEL AR St o
EEE RS R EREM s AR . 224 LRI
AE 7 A 2ok R S0 3 3 A 0 A 8 A W SRR B 5 s

5 2J FHL By L) oS3 F0 i 90 4 B i 22 254 3B AL I K
RIKARIBE Sy, MOFARSEA 1 R R B 45 4 AT g
IR, Horp BB 2 R E B HEAEH], ©
A 0 TR 52 00 SR 1/ Bk Yo B J] 30 o 28 ) 81 4
SRRIAT N BE

AW 2o IR 22 518 5 VL AR BREOR 48 78 R i
LSRR, O b2 e A2 T TER AL i AL AR (Boyd
85,2007) , SR IAAT Ry T U B S 1 ) A] B8 P A SCBE
20104F )5 , A=y ph 48 B2 2 il 142 1 (brain-computer
interface , BCI) 4% A [ 7 @ X H S UURIBLE HE 1T T
SR . TE A A WL R 2R B A2 1R 3 R PR ORI
K7 o P TR A 2R R 43 R T R G 4 i
Yy LR 28 3% 122 1R 3% (Zhong %5, 2021) , SE AN Ak
W 25 70 3 20U X 22 18] A OB R 25 1, 4R 7
K5 EAL B 2% 2] JEAZ R AT S 45 i DR Y
PR ZEALH SR HE TR R A ARG R . dR, SR
A ik T e PR R 2 5 N, O AR T BT R
(Shiu 45,2024 , ZHFFEAIAZ OB EAE TR0 T 42l
7 B FE ARSI, 56 UE T 2544 RIS B8 1 50 7 A
RO BN RR A2 N TR RE A A 4R AR T 4k O
FlE= v
2.2 ANNBREHBExEXE RN, 4G-ANN
R (21 2 H—20 F£K)

2.2.1 IREERRZE RFIGEE )

2006 4F, Zffs K gl TR o7 2 12 )R T 25 4 S
PEAE— B FRIE F M T IRZ I ZRIAINE . Hinton
S N AR UM 22 9 2% AlexNet 76 2012 4F Ima-
geNet FIR 73 258 T8 i R THILE HUNPERE , — 2%
2R, IR R T X TSR B 18 3 (Krizhevsky 55
2012) ,J& ATPI S b SR fReA SR S RS2 —

X —HF3 , EE AL #E 2% (graphics processing unit,
GPU )53 J1 -5 R MURR A e ] 4 3 R 82 2~ HE PR
BRI B . BEJS , NN RNN K112 19 %%
(long short-term memory network , LSTM ) 5 A= il % $i©
% 4% (generative adversarial network , GAN ) &5 f5 7 7
Ve T T LA B A 55 IS R A el B
IR 12 B (AlphaGo ) iR 55— e Ji A 2K Rl AL i 3t
AN TR REFET  An S B IR B s Al S TR R
HRAE S5 L RE J1ERTE. 2018 4F, Bengio .Hinton 55
LeCun B %F ¥ B 2% ) 51 Bk 3K 15 &1 R % (Turing
Award) .
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2.2.2 ChatGPTi# L T B RME, ANN SLHL AR
R [ 30 FH JEC 8 114 B

2017 4 FE N AT B2 i 2 I ALE R &R,
Google Brain BA % 3 T {Attention Is All You Need)
(Vaswani %¢,2017) . HERAHAHE 1) 2
RNN/CNN, FREEVE B S ML E4 7 7 51 A58, 42 1
2T B9 Transformer 2844 5 2) 51 A B & fl £ kT
B AR E A R B A 0, DT
Bt B B A SRR ) 5 3) 3 A B A, £E T
INEER GO FHIE 5%/ 5% G T A B A5 5 4)
ST i R — IR A PSR MRS | B S B R AR
55 RS ) JE Al B 4L 5 5) SRR BT i ok
RNN W20 3% A5 11580 14 1) 0, K s 41 T D sl i, <2
B G RA KAEALR R . i SC R AT L L
SIS R SC R — MR L SR AR
FIBURIEIR , FFIE T HEA KB AR

2020 4F , OpenAl W 2 14 A =X F DIl 5 Trans-
former 3 (GPT-3) /& K i 5 B A1 (LLM) & Jig i1 HL 72
. %W T B HE PR I8 ST 2020 4F & 3 (Brown 45,
2020) , 5 KR T 4 i0E B (scaling laws ) 78 8 KR
BOh SRR Y R SC S Re ) R T TS +
PR AR, S T AR B AT AR & 5K
K AR ANN A AR ™[] “ 3 FH Ve 11 5
o RIS SO AL A R ) SRS IE 3L
— 20224F, P ChatGPT AR 2 59 K15 5 #8 £8 JF
TR IR R 25 55 48 A BRI A5 AT 55 rf R o
KT T A RS X 5667, Ui B4 feaE o T 4K
3 i %o 3 2 1R R, L AR Rt AT AR HE
A B AT HE AP LAY B, B ALK JE S 1 B
PR A

SR GPT RE 14352 BN 4] 58 v et AN 2 85
A AN FEORT B A 75 BB 45 ) 1Y) 1 29, AN BB B
P25 2 A ) S Fe0E 3% 2k h i A A A E
HHR%5,

2.2.3 NBICRA K, ATHFFE R R DR 4 24
SRR ANN B 3 .

2024 45 VUKW P27 % 42T John J. Hopfield 5
Geoffrey E. Hinton, 22 Jilj H:“ 8 T F A T #h 28 %)
48 S A 2 ) W SR Al R 5 & W . Hopfield
P28 Ry 565 44X ANN S4T30 5L b | 2 1) 4% 47 5902
(BP)fff DR T VR 2 2T I R0 U 5 R s 3X — B5 24 R
il R TF B T R TR B AR FERHLAR 2 2

R R T, ST T R I S AR A Y
THAHESE . v DR B2 22 Bl 2 TR IRME - B R
PR« AR R SR R P B O A SR B
AURHIE R T Ry 24 R O I AL 2 2% S HOR B85 Ak
Bl A 22 P R HESR ™ | 3R 75 3 W BILIR i ) 28 R 4%
BEAYFIR BE 27 2 34T TR W de A ], ALAFSE
PR — 2 SR LU 3 3 SO SR Y ANN IFSE
R A ATIFFE A 37

2024 4F iR DURAE 2 —F PRI - N5
(David Baker) , 3¢5 H 78 1885 A B 71 77 18 1 51
Bk 90— P2 & i FEK T - B 5% Ll (Demis Hass-
abis) F1Z9 8 « VL3 (John M. Jumper) 2 [W] 3875 , %
i FUTE A 1 S0 48 1 TN 5 T F) SR B it o HAR
R TR AV T S0 4R RF 22T, B 2 A%
T 77> 90 F0I0 2 1 I 52 2% — e Al IR B T A O ik
SR TG A 2 P i S E ], ATHRETT T
NIRRT F AR Ry T R i 7, &
SedE AW AL bR JF S T AL for sciences
iTRAW

3 HSANNBIAEE T—HKANNKE
A EBIRE (21 42 20 K —F0T)

3.1 AIERA EMEENFIETIN B

4G-ANN J& Bt T L™ J8& 45 ik 5E 1 (scaling
laws ) B9 K 5 MR R HL vty RV Hol o 1 % 36
AR M, HAJE T SB58 " W, S = wT g Bk,
JRIBR T B R B BT B, i EL B LA A Bib
TR i i 26 X 45 1) S8, BB OISR I 5 SR A B
P, L ANN 76 2 SR e L B8 REZ I I B T
RWGE o HRA SRR AE T, AR T B dife =2 o) 3055 i 37
Yy ER R G B, S B A A R TR B I A
TR BIGET — AR 2 W 45 1) % J8& Jy ) A it
LI B TR ZF e M. SRR
PR : — IR F kb2 “ B PG R IT A7, 1A
Ry FE TR i s A ) R TAT A BR R R 2s [H]
Yk L AR TR S BRI IAL ) 2 3 1 38 FH R B 1) 1 1
5 — YR F 5K “ A5 A E AL AN E A IR R T —
R ANN R ARUFN L4, 31 ANN GE #F B SC T 5L 4%
Py B A O St SR S A LR B SRR B
FIRF A S e RdeR . TR b, 5 & e L a3
112001 N 3 NI U RN A Ay T S I 1 1
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(LeCun) . %5 [ 8 6 (2 7K %) RN 4 3 2 (22 48
RO VLN &R 04 LBOF IR 2 F = 21 i
I — R ANN IS T 58 1 .
3.2 ¥E—{FERA R ANN — 4G-ANN I #) 12
15 BRI 3E AR

TN A , 2 B IE R BE 4 H Y Hopfield #2892
BTk ANNVEA T Y3 LS IE . J4F, Pt AL
(physical ADJFRIRAT , FEA ST T7 W) -

1) SEARY B AL BRI REHLAR TT 1) . VBN
T8 i (physical AL, PAL) 28 REAS ThAT R REAEY)
THR AT 55 Y AR R 58, WL T AL A L A 32 gk 4
s s AL Aa i JEAS RGN SR Y B [
1t o e Miriyev A1 Kovae (2020) &, IF 17 IKIE
HE ST PALIE — 3 X WF 58 J5 ), by i R B R
o 55 ) B B AR B[R] T B g NS SR R GE
ME LA 721538 P 52 2 22 78 W) B3 -0 L v A A8
55 s, 24t 1y e HEQR e
i ] B RS W ALY, 202545 1 H CES &
23 b, 95 CEO B4 iy, HOE 2 ik AT VAL
TS [EE [ P B [ 32 AR ST AR S R S
PRI PAT Y B A i 5 AT 55

2) Y EAE B AL BRI T . PR AL
() ANN % .0 2 9 345 B #2489 (physics-informed
neural network , PINN) . 1ZJ7 1] £ - F§ Raissi . Perdi-
karis , Karniadakis 7 2017 & 2019 4F [f] R 4o P48 H -
45 (Raissi 45,2019) . 2017—20254F , PINN R £
I T PRk R . U HAE 2024—2025 4, BT
PirateNets 2244 | [ i WA RSP 75 1k DL R R T
bR FH 58 19 45 22 T B OR SR, 3xX S i 2 4R
JIT PINN BYPEREFI S HIME . PINN H s B2 AL
# % > (scientific machine learning , SciML) R I
W+ PEAR AR E T RZ — fER
SciML U ity 25, AR TR ) 5650
TR BIARSE G AU RTHT 7 1), W5 B AL for sci-
ence [0 AR S, & 4G-ANN [ 47 BEIE 5 bz
3.3 FhAEFERIEEE S — ANN £t 224
=aRelbi

TE RNN H, B8] % %5 (time constant) AN & sl 2 1]
PR T e RS R T o 8] E TR i Y 2020 4F
BRI A M2 B 2% (liquid neural networks,
LNN) (Hasani 4, 2021) , HAZ OB 78 T 3 25 ] 28
FR) IR [) i KA BIL ) 9 28 I 1) R R0 4% (liquid time-

constant network , LTC) , fHi #5545 5 385 W I8 9 b 2
RS T A e i PR A I R RO . LTC R
AP 28 I 25 (LNN) i 4200 SRR 404, AR T 1 2
43 77 #2 (ordinary differential equation , ODE) % fi
PR TTBNZS, LA A 30 I a) 6 E o RNIN A6 B2 7 2
(i) JE, - 55 LA B /0 800 2 ) B0 HE AR v i 32
B, B8E T LNN JEZE ]2 ) iy 6l B —Fh a2
AN G R G IR %) i S I (] B A 25 0 £ AR
SR WA 22 I IR K IFT AR T A2 ] B SR
(neural circuit policy, NCP)ZE44 ¥ LTC 5 2 Ak #h
SIOUHEM LG I T AR S R R 194
FETTSE N A Zh78 Bl 2 4 G HATE S5 P RO R 2 B Uk
(Lechner%5,2020) . X bRabid LA BL2 5 W) 3R 7
WG IR EE Rl &, R W AT AEE U5 302 1) A
FRIB A B W) AT BAT Al AT
3.4 HREBMEKSHRNTNERE — @@ SG-
ANN W#RE 522 1ig it

BEXT BB BB A AR I AT Bk Y R B 451 G f
YA N T A RS 2 T R ELYE L~ 31
A, LeCun (2022) 42 4 [9] 21| tH #4527 (world models )
(Bh 45, 2025) K FH NHINHT . HALL HbsEiL
ATELE“ZCNAT e 1, VB ANt A sl S A0
A IR0 A SR A 5, S BB — T — PR SR ) A
N FTHES AT ATCANRTE F AR A5 Al B
TR BN RS, AN A0, T2 > il
PR (B WAk & Gz s, U
S8 LI S e 8 52 AT 55 5 AR U s R
sz AL, SRR SRR S HLE A . KO HEIA
N B REA B LR BUNAT SRR + AT, AL
A AR S a8 AR AL — el R
A ) AL

S B ALY | LeCun A1 AR B A ik A Tl
I 2844 (joint embedding predictive architecture , JEPA )
(Assran 5, 2023) , #% .0 2k H 9 J2& B 5E Transformer
(vision Transformer, ViT )RR A G i 2 32 1 2%
DA S M BF SCib s /1 B bs b 11T
FEIER [ AR R G R s TN 2% - 25 ) Trans-
former, H] T 7E 7R 25 [T . 38 37 5%« L m] 3fe
%% CNN (U LeNet, ResNet) , {H 3= Jj & B 25 LAl il
ViT(V-JEPA) , HoAbAT IR IL 6 iR (T-TEPA) (IR0 2k
B il (H-JEPA) %5

JEPA JZ8 H] F B 2 ] Ju 2 AN R B — )
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%, HIRZEZHE.: DA G RRAEN, TiEmg it
PRI 2] 52) B WGBSR 3, B As0R O i B A
RCTEE ; 3) SRR A B A PR AR S s s A i
ST PLA 54) Transformer by 3 J8 , He 75 Z B8 Ui
5%

JEPA 5 K BB AR IE AL AT 15t : — 2 M 2800
S A i A B B LT AH R A ) i, R B A i
N IXArfe ) R ARG BT 25 0], ok 5
RIS AR R A . YR SRR R R
PR 135, B IS & =05 7 CAn e 3 46 L
B HEfl EMA 3% 5] AXF i) Bt Z Rt
HISHE T o 78, S SRR B J7 s, A Meta 5 A2
K7 AT B 1 J AR Z2 1528 MoE 244 7 & i T
fIE AR 15t 1) 0 1) 2242, IR AR 5 U 2l SOA (TR S
XSGR A ATURN Sl AE AR, $5 e s 2 L 5 R A, 4 T

T i 2 AS R 35
3.5 INHBEREERASERITHEMNE — “AHALY
Bt 5KEREN

RN B2 BEIR TR 2 TN IL AR A 2256
PHERE A3 AR R IR R DR e " AR, A AT
RPN, HTEX 4 AR 37 A A AR =58 A
HRYIE AL, ST AR SRR AL, S 34 B s [ A
RIS (] 1) e S AN A, 4 1 THT 1] SG-ANN GAJAA
24 ) B SRAE , SR TA RN 2 TH ) FLIE RS

28 I il M 2% (smart trace cellular network,
STCN) (A% 45 ,2024¢ ) & —Fh I TR L2
SRR 0 AR BRSO IBL AR 1A R 2R 1Y
B H RSy, B R AL G AL I TR
WAL F IR, SR 2R B R BYRTT
fiopRiiEavvei ) af=iks R e R L AR N TPy L Ve EZW
M IAETCAZIE G AR B T B BN IR AN , B
R ATIR AT, A A 55 , PR IR 220 R 5 fih (1) 7]
IAPE . DIRERAE MICIC R EEATRIT AR R R
B aREUNIUT B BRITI R 2% 2 R B ER
JC M 1ot B 2 HIE Y 5 2 M 28 254 L 10 R RE
SEHEAR AL AR R TTI A DI RER B . R e
BE A AT AN WAL, BAT Ry sk Mp A 28
AE) B Z TeIN ARG . S A2 AN RIBLE gt
RGOS 2 A SRR

B IR TC L 28 RV S S5 A A LU LD R AE
1) 52 2 W28 Jm e - BAT /M FURFOE RO B2 | i
PP IR DR 20 A 5 2) SR F DS - A0 55 B i

ROF LB T S GHZ SURGRE T S (GE A
) B ATRAE 2 WA A AU R R S
A3 53) SIS AL 3B L 24 S R W A, 18 35 AR
ARV LIS R S 4) 813k 3k - AN
RN N AU LU TR N S vy (ut VAN 73 i)
FOA PN HRIEAZ 5 5) Ws HL Kt v 240t
FELPAHIR , 38 328 v 3 0 CY i A DR (R0 ) 8403 )y 38 D)
% WA A ENE

STCN HA7 B .l i BN L Bl A8 454
HiAl BINICAZ 5 [ BRI, R TR S
D28 114 JRy B, B e AN RN RIEE S, 456 SG-ANN (1)
FLUFRAE , R 2SI A A BE P (4t T FE ZE PR 5 LAy
LR
3.6 BEEINMYIEMHZW (E-CoPNN)— & 5G-
ANN 52 1L 224

B ALilN T U RN IE o NSRS M = S
H3Z 4P Gl 20 FSL i, 3l 7 —F H &
ANy B 25 0 245 (E-CoPNN ) ZEH | 4 5 A i1 28
/N4 25 R B A T LA 28 1 L B D R AL R, B
INFN e 56 (7 AR A ) XK B, B8 I AN 28 2 )
ML BEREMEDLE] PLpz SR S LA K N A R IR 25
A PR R T R A hE L A Al FReE )
RS HEERERE ), SnFNESF AT 35 By Bh AR 40, 452
AR T 2 R i e ), s 4 e i 22
23] RS 2] R AL AR 2 B R 2E ) AN B Y R
S — T 1] 5G-ANN Y TA HIH 25 0 245 1 1% 28 71
AR BETE, A 3 TR o

B3, 3 2 B AR R I 1t B e g L B A it
T2, e M H B A UM R 40, Horp 45 T IX R
FH R« I AR AL - 5 Bl 25 IO 2o “ 251 + BY
R, SRR TR M B0 B Ak R RE A EA T 5 /)
oG BN R ATL A < ot 22 D) S R vhy + R ) ) 2k Al
o5 B BE A 2 P2 (socket) AL : S I0AZ O 22 AL
58T AR E R, g R ny Ui, S5
P2 B JESE L] - R PERLE + VO gD B, L Z
PEAS H B 224145 1 2k D A8 4

DEIIEE SR, Bl Bdisp s 3%
G R R ECES S AR B | R EC R 0 45 [ 5
R VRRAE VRN A bR g5 LR AR KRR (2
A R AAE H N5 X Al FG 45 (8] ()45 22 A AR
PR AN TR AE B IR AL SR 54 G R R Eh i L
SRIR LA K H bR MO, oA A2 AR TR AR AT E AT
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R
R ADa

& RE4%
RIER, % 0

@ i

74 gl
SEHHfERE

PEUNL]
FIRZETR

£ Kiflicte
[ SEAZARIR: P 22060 7 S T A R

TR ’@’ﬁﬁiﬂxm, ZRIGBRA ) SR

Frhuife

Y F F )
(CNCES

TER i

SRR

WIS eI E R
R )

H g2,
& ¥l

—~

ARG«
sk PLELE &

+ ODE/PDE

R

K3 BB A2 E-CoPNN 4244
Fig. 3 Architecture of the embodied cognitive physical neural network E-CoPNN

ZI B SR (N 4E—A7 N—155 LT IAn iR 5%
FEEHE (AN AR RN IR BB SR 258 ) 28 5. DL AR
A A0 X R OB 7R 18 2R R T
WA o 752 socket HLTI, SEITE LA AR A8 .,
B I 2R P I < B i A — TR T T P DA
PRI - BHEPAT 25 R B i1 2F AL,
SEEUARE AT REAIATIE R A S b AT
2)IEFEENLE . BEREMEMLEE R R 10 U
" ; Transformer 4444 v 1) 22 3k 7 3 7 A5 42w Bl
A IFATIE FHLE LRI T I, (HBE R LA , 1
i i 228 PR e B AL 1) 2 A AR LY O 28 + i)
IR S e A (R S N 1K P S = S i =t
BLA + BT IEAZ By 1 R REURRA S 14 5 A TP
B BT M REFE. I, FE H BN
AR 2 | BEREPEBIL R P 22 X 45 S e s A T Y
PREEML o AZRAG rpopf 28 ] 3% R B PR AL 1
FEUE LA R Rt OC R ASHRAIL, 7E RGNS
AN AZ B 5 B UM FIEE A A0 48 U8 U i H
WG, PRUE L 4 SRS —2
AN E RN B TRRERET
P 2 W oy AR E TS 3 2 FilinzgiE
o S E R PRI AT AR S fa IR O, AR
g 53 HOQHERESZ MR SUE R o ZEZEABUNIERCEL
Pu 777 L HBRFEAR (one-shot) ILBE A & 24 2, AJEnT
AR BBR IR 2 2B & IRz Ak, % 48 ML/DL

TACT 1 BT AL R 2 A & 2 1 AL A
DU 497 F2 7 2% > (Bayesian program learning, BPL) ,
TEZ E /Dt s s, FH DU 347 5 50 4 W 4% 3 5 ] g
fifp A WL I 54 o R e (BDAE &) (Lake 55 ,2015) , 28
NBZGONASCE : N &8 AT 855 B3R 0058
Jegn CanbRiR AT A b 2B A SR (A5 HC R ) ,
SEHARRIER . lhn, 75 H 3h 2 3 T (Zheng 55
2021) , AT LA “HR S + 2 1" T HR N R T E
77 = AEBR G5 K S — B #2215 (GNN)/ B 454
AL, DL SE IS N A B2 0

DA ZH, ZRmEEY  mREEE) AR
BT RIS 728 R i« R e — AR,
ODE /PDE | 38 4k %7 > 2950 5 v ] J2% (He 3R ) A7 N
Wr b 5 T B R A [l e, ST M /Nl i 28 = A
R — B 4E—A7 3 8 R Ge kB (FH 3% 22 i [a) i
IHLTCHLHD) , TAEICIZ + R + JiRZE 0 &AM 2
IR A A SR 25 1 JR RN B 53 1 IO B I 1 [ - G
HOA BRI + PR B INE PR A n) 3E G, =
DK 2y LIF HLHI LA 20 S B A RE R & R G R
SN 38 B, DA S, SIS R 1 s R
730" P A B BRI R G (LA AT ZE A
12 [A] N ER AN S P B ] AN A T 22 B

5) A o 3FMCAZIE AR Z T AEIE
TR IIIC L B4, A RN D3R 2 i SR, A
PR A TR RIR R 5 2 AT R PSR, A
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TEAZ B O TEAZ R PR 4 B, 38 2o 24 TE R 1R 1Y
R o 101 #6655 (f i H A L (E AL 28 A W R 22 0 g
g H K

6) 2> . RS E 2] Fisist ) GafkeE]
A it =y ST HILAR ke B A I 2% ) BRI
B B 4 B K 7 184 Sk O 0] R (Parisi 55, 2019) (4F
22 ) T B GMEPE 35 52 R) 8 (French, 1999) , DL &
5 Ak o o) B G RE 2 AR ) 227 A5 R PR, SEBTR
JEE 28 2 S5k 2 ) B s E TR iRk
2 ) B AAT 55 v S AR (1 7] 477 (Mnih
4,2015) , JF O FE A 32 B rb 45 21 0 (9 0 i
Bk, 2021) , FH 7 2085 R0 () DN 1A% &5 F (BN 4
2025) B 4 LR ot R Al i it 202 2T, ik X2
L VNSNS a = N E YRRl BUR S S e 5 YN
FREM E AR

7) A4 . E-CoPNN HI 3 2 E# > Msh R
H S 1) A% 4 (Local BP) 4244, X 51 T4% 48 “ Il 25—
By B A R R LG AL 4% (Global BP) 1) i A5
K, e e ANNZRFg b it 22 Bt PR fE 25 i U
PRI B S R A, X — it B I 1 TR B
SPGB, Xia %58 A (2017) 48 H X5 Bk V416 1F 28
¥, A ANN 36 5 8 24 55 0 nT AT MR 4 7 nl Y5 Hb 1y
AW Ascko &l 2 25 0 R BRI, ik
P28 17 FE A 45 2 6 R 1R 2% L LR IRARTR I3l
A S SE(RE 4505 ), 523 BE 1Y 522
k.

E-CoPNN HAAZIEHIN 3 JZE MERS) .
ICIZINEN (3 FhEAZ 2R 2 f5 5 gl (R IG SR
KRG A R S HESEE ) BT S AR (3
BHAREE A9BSR EES —) FRHE, B
A BN EE R INEARTZ AL ] R R AR T AE AL B
INFISE 5G-ANN BLAVERAE . 22800 SR H B HI—
JCHIE T A5 B B FLE B i SRR Y AT D5 1A
BAIEAT T f AL E , Q22 (HAO X S, etal. 2025)
T G P BABIF 1 55 L B R0 1 75 6 Al A5 78 MiMo-
Embodied & 55— H & 5 [ 2 2 38 (1) FF LA,
A=A VIT g &% + MLP #5858 + 7B K
WA AR HA SRR L R
AR - AT R . H— B —F&
B, IFMA KR SRR, 6 [ 3h 2 0 12 Tk
H 53868 17 W E P 284 5 33K 8] SOTA, BriES:
— AR B A ] E iR RS RE )L ISR PR . 5 E-

CoPNN Bt VA — 3, S B B B SRR A 3
2 SPLE NG —RIE . #E2h SG-ANN M D165
JE 25 F A S BB A — AL

4 RES5RE (21142050 £4K)

4.1 EBE

21 42 20—50 AFAE AN FN AL TRl AR i 1Y
43 i B S it % 2 T 10 25 3 B B (2020—2050 4F ), 3%
— I K 2 4G-ANN [7] SG-ANN 2 & J i B B .
IERT B A ANN & Jié AR IAE LU LA G

1)20 k2 H 58 fig 5 55 5 8 A AH B ST () F
FE A BRAE B 21 20 i B B AR AL 2 T 5 & By
FiEg—miaX. B85S ENRR, EEE
RESTU B AN B IR, H B e BB AN K, 5853
KNI RN RE M R I RE . AR |
G| EPARES NSRS XL SOPN VAN LE I E=2E N EZES
S5 (19 P IR LR AN e — AL 8 BIF 58 RN FH 5 42 10 A YR
P2 006 17 PR 3% ) B R 25 R 2 21 {22 vt
3 [ B E 41 M 2SR 43 90 R 2 1 R 402 ) 5 ) Al R
g /N R A S ) A UL 205 4 TR, A SR 4
ik 72 2 2 P 0 22 52 B, 3 — 3 LA /IS R A S A
AW B B2 2 A PR Ry 35, $ L A A
J2 1) 5 R A 28 I 28 B A (Cowley 55, 2026) BF
58, s e B J2 R AU BAR B A AZ AL 4
T GE A UE IR /IS AT AR AR A R4 B A8 B 5
K B2 BOUE T “ S5 4 BV BE” 1 2 W2 AL, 7 38 e
RBEHRLE” , hy S 68 BN AT 26 N 4% (5G-ANN)
() SRR Rt E S % e 8 e
T INAISHERE , ok — 204 7 L B 4 i = 2 )
REM R 2 AL B AL T 85 S ml , B0 B0 46 Hh A A
il P15 P 2% B A A T 48 7S S R ORG 285 114 D) 2% &5
5 TAEJREE

2) P45 i J2 18 4 A B SR R Wb R o 3T I AE
FERIT, KM LA 2= Ao A s 4R g1 LT 5 3
T2 2 N B E SR 38R T A W07 RE A 245 44 )
1M AR B4 U0 19 42 0 HL ] (Wakhloo 45, 2026) o 3%
—HE N PR BERYIZ AL R PE S R IR 4L
TIRZE, B — A G4 BN 68 (1% 245 #4) 55 F4 A
FEBERE T R P

3) A LA R R 1) I £ 45 45 He 34 5 #b , ANN
TR AL SRESCHE AR AR R 9 TR T R BIRE
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P2 2% ROEE b SO < 25 5 e TRl 1
A 2 N SR SRR ) T s A R 2
O 2 A0 4 g A WL 22 B 42 PR A 98 MR R BB AR
PR B T BB AR , X4 SR — RN T AR B A5
20 55 AL 1 4 AR & e BT F B A A (5 0
HISe 2R N S R G B —A Y —1F
A —INE PO AR S A A B B AR g B
Fro #2101 a2 dm (2050 450G 5 ), 8 5 U A
BA 6B AL Yy E ALFIAE ) ATRLA 1R 45 K4 500 (1)
NN AT BT, SE B B IR A0 BV 4k sg
50055 BB T 11 4T i, (N S A B S B 1Y
H R, i ABE ) H 3T Ao m s Rl LA AR
i B 2 M R A 1 SR Y B . SEBE 21 T R4
JE s HEJE AN FIRE T, 42 R A N A A
4.2 ZiE

RSt T, R RS B S
B BE I AR AH B S ) PR R A — 5 R A A
(LR 2 S S B2 . BB — TS AL SE AR
TXMEG GO ZoTie P AR, o 21 2N
RN TR e B B e 10 BE T IR S A 7 2 i
fith s FEREFRIS S T M 20 22 A= i B2 3 21 ]
AN B () BRI | EL B AR 25 I 451 LR ANN
RIEHE S S B SR e Z WA, iR
70 2B A0 2 1) 45 # F A L B SG-ANN L i B
3 AT SRR AL 4 B A A 9T a2, I S 4G
ANN [i] 5G-ANN [{ERIT .

N TS HAD S, d A M 5,
N TR Rl FRB AR S22 5 Em . F
2 LB W AR TR B S TR A A% PR
il 92 E OOk B SRS AR BB SE
B SRR NS TN A RIS . IATE XL A,
REREGR N TR AE “TTREIR” VEUMME " 5, T HLYE M
RIS NN TR, ILHE RS FALMES
ek

B AL BREEE A T3 Eamt
BN Sty B B L A AR T % ok 09 A I e SR,
A2 b R T Bt
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