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YR A A 23 S oM A 22 RUBE 43 T UMEZRAE . Y
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(soma) #EAT fR] B (A AR RN 5 AR L R B0 o Bk o ot
25 W %% ( spiking neural net-

[HEEIE]

RAEYHREN T ERL, By
—REHNIZRE AT IR

[ |

RIS AENDETN FooRe A, A4 )2
SR oS ne il

(AR E]

works, SNNs) 5| A B & 5
L il Sfe A% i A A ol b/ 22
(RIS o d T R
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TR R BE S A AL BRRCREY R g i 2 23
J12E PR AGHBR R P G B £ By 45
SNN &k T S 58 1R, A7 BT AT ANNs (931
SRR, AR o B v AR B L BB LRI 28 B
PE o IR TE R BB Y T35 0 2 T S R s 1) e o 1 )
K, 2) MW P8l S S a ikl . 78R
F Y E T Ui BB Ry e e | o N NP
1t BB 285 7% (neural oscillations) F1AELk PEsh 2%
RGN o KA R EE (4 B[] S B M 2 A ) K ik
TARICAC  FEEIIArBEAME B G Al . REfis
BRI, AN R Ph 2R 5 502 I )
REAHDCI, IFAE A — B e HE AR 4H 435 B, 9 4n [
A #f#% [7) & (synchronization and desynchronization) #l
P R NS 2 RS ZAR A B TR R
FELRE N R O™ e, 3) E W )
fit 45 1k (functional specialization) Al 53 ¥4 43 T. W 1 28
Fa o AW i RS2 0400 43 SR AN R Y P i X 8, I o
T BT T e 2550 ) 2 HE T R A ) X8 A F I o ik 422 2
(connectomics) #8785 1 AN i) 2 A T ARBEAL, T
HEAG—Fh /N B 2% (small-world network ) 5%, TChxR EE 9
2% (scale-free network ) (41 FNE5 AL, X5 AR JRAL T AT ik
I B = 8RS R, T 1 F B sh scs. &
PERITT SAPERY <25 RISEE (structure as prior) 27K
33 ol 23 Mg P R B R PP T, DS B 1 R
T 5z, NTEER A AT NZFTF IR 2% 2] 2R
1Y LR A

S f5£4% (back propagation, BP) 5492 J& Y B TR &
2% 2R LLMs 19 £ I 50k, BP ki 4 R A
ARG BE S, X AR A2 = AR AR E N, H
6 RS2 B R REFE 7 10 5 A W KA s . —
Sz B S HA A A PP (biological plausibility ) Y2
TR, iR A B T A s BRI 15
Bk, FEAIEUT =I5 )RR s fknT M S i
2 >] (Hebbian learning) . =42 > A% O AE T 58 fili%e
FERE I R AR Ak, 33X 322t bR A 2% 2] SO AR kS
M AT 27 2] B 28 OWL SR — Ay Y 20T, IR AE
—if2” (neurons that fire together, wire together), BIZ&fili54
BE A AR A AR Tl 5 2T SR b s S ™, o
1 40 A AL 04 B 2 3455 (long-term potentiation ) FlH<
AHREH T (long-term depression), LA SRS A 4 fik bt

A AT 28 1E (spike-timing-dependent plasticity, STDP), #
IR T GEFMASAC A I S 3k 14, 7 L Aot e Ak
—BerEF I K STDP A& MU N FH T+ SNNs, AT LA 4%
SBRAERE . RS R P, 2) iR E T 5
WAL I . J4E 2 2] R AR AE Rt o fih, (B M 2 SR A7
TEREAP AL T 08 7 3k 22 Ry 38 A8 4k, LSS R 4
P Abr . —Le w3 AN B ) Al RER F —Fh R T
PR ZE U A AEAF S AL, iX 5 RLAERLRA & 4 1Y
AR fldn, vb ik 22 W 22 Teid i A A i
B R 22, LR 9 Jay AR5 fk v 28 1, R TITE R S8R
TH 88 1 SR S AT R R, BRI T RLAHESRAY
S I LB BT e A AT R LAAR 5 2 9 1
FAH GRS B R . 3)
TR GG 5 R G IE . ARl R AR B —
SR = B/ 171 (| PR N s 2 R ER R PAS 9 =
(AN —Y P2 20 ), B2 J2 87 5 R | ¥ o 0 o U
Bro XRUIKMA AL REBI AT RE ik 1 AN [F] 2%
>J I AT S84 (plasticity) B2 1. MRARAT 55 TR %
FHSAB P )~ ST LR, VAN [l s e (RS
Yoo FRIEH) R F B Gl i 2 S Bk, REAS IR R
TR 2 WP, 5L 500~ FEULA.

— BT N 5, IRRZ U PME, 1)
PRSP 28T A, Ho—, S A0 22 T2 AR ) Rk 19
FEARTHRERTT, (HJ2 b 22 oo (5 BAL BEHL I 7E A 20
b R oE A W K RSN AR B TR R AWK
0V S TR B L AL, T G e A 200 e v 32 3 A Y
RN (A 5350 s He =, XA 7 e B A
A WA RIK | ARREFEMIDE A o 2) X SR il 25 1y A R
MEFEAS B EAUE Y B B AR, iR H
JEHITREEOTTE, 7T LB SR S AN B0 LS a0k H r) 2
FHT A AT R G0 Gl 75 2 3 8 i 2 A B ), Tl
g SR Rk, TSP RS o BRAlE SRR AN
AR YO LT, AN A0 MO 0 B 20 M 9 B, A E R B
REYF T IHFE, IF TR IR B AU AL AL RGP E . 3)R
FThRER ) . 2 REPME 2R 50 B TH B A
SRIZALRE I AL RGE. X R AR T 5K AE S 2 R H
2R 4555, S ILEL A Y 2 RS R S RO fE D
J2, BERURES 2 TT RN 22 0l B A AR Lk ) )2 | ph &
&7 . TAECAC RIS R 5 55, S E B P 1 5l o
AL TR )2, AT B A BB A T4l 2 A e
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T T RELL B oA 2L

T AL, R R EORT AL o
OB R BRI T S AR B A ) 1 R E R, A vGe
SRR W SR AR 1) AR W) R R 2R 3l ) £
GORSLHARTHTEOL T MM &), X ERE EYI R
IR B9 272 S AN AR TR L 27 > A3 3 i S A DR 22 B/ MK
KRB, M — A~ B (] S . B AR
TETER RGBSR 1%, 2)BP ke 2R
A MR 2 (R, () RS BRI BER T I -5 R K
LB . AR & 27 ST HLEI T8 B BP, R
SE N e DA I S RSN g s 1B ST iUF TR/ W Y S|
ART 2 RIE ) 52 R GBI~ ~] | FE T R o8 fi
APIBPER AT 2T, LLRORI ] R AESRAEDUA il £ 15
415 PR R B TR 5 ST

IR TR AR REPPAG AR T —, IR ST
ZAEPERTEN IR R o BR T HERG A, B RETPAT A6 255
IHIREST | e R R RIBERERCR AR GRS, JF-HE
Byt R U S AL v ) 1 BRI B AT
55 BRI, INITRVE R RE R SRR &

MEESKEOD. MREFZMR
&, EEFNHRMNATER?

K75 BBl 2 i #1L3% 1T (brain-computer interface, BCI)
R 28 B 2 1) I RO, P LA 8 i op [ HEE 2 v )
I IR JE o REHREE SALHE: 1) BCL A5 D RE A ALy
PRI, B BCT RS RN B 5G9 “ AR B IR R
(AR SR BRI ) i 2 T AR S H] 3 Sl (A
B AR IR, LA ARr S 3 5 2 18] Y X
PIME]; 2) AT EORTEM 2R B2 P HT, JEH 2 Anfaris H:
AR S T AR T T A

4T BCIATSEIE MR — AR 22 A5 5 g A% v A B
P S NG 9 1Y iR O B AR o AR S 3 SR T,
WA G B REE i R A BB R AR AR B8] “ 32 18
B B JZE AR BT S, 0 B T2 il vl PRI s b A B B A
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Toward the Co-evolution of Artificial Intelligence and Brain Science

Shao-Qun Zhang, Wang-Zhou Dai

Nanjing University

Abstract: Despite the milestone progress of artificial intelligence (Al) in recent years, significant bottlenecks persist in achieving general
intelligence, particularly in energy-efficient computing, causal reasoning, cross-task generalization, and continual learning. These persistent
limitations mandate shifting research towards the biological brain, seeking Neuro-Inspiration and Intelligence co-evolution to develop
computing systems with superior energy efficiency and generalization. The “ Al-Brain Co-evolution” forum established a core consensus:
Significant disciplinary barriers persist among the understanding of neuroscientific mechanisms, the design of intelligent algorithms, and the
implementation of computing systems. Consequently, neuro-inspired mechanisms have proven difficult to translate into executable intelligent
algorithms and practical systems. The forum defined key pathways for synergy. Intention: Research must return to the essential
understanding of neural mechanisms, merging neuro-inspiration with system implementation. Pathway: Future Al must overcome structural
homogeneity and reliance on global backpropagation by adopting the brain’s spatio-temporal heterogeneous architecture and localized
learning mechanisms. Validation: Brain-Computer Interfaces (BCIs) and Neuromedicine provide advanced validation modalities via physical
intervention, accelerating the transition from correlation to causality. Assurance: A problem-oriented, interdisciplinary mechanism is required
to support long-term exploration and differentiated contributions.

Keywords: artificial intelligence; neuroscience; brain-computer interface; neuromedicine; large language models; concept; affordance-aware
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