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The Application and Progress of Prefrontal Cortex-inspired Transformer Model

PAN Yu-Chen"? JIA Ke-Bin> ZHANG Tie-Lin"**

Abstract This article focuses on the integration of biological network connectomes and brain-inspired intelligence,
exploring how the structure and cognitive functions of the prefrontal cortex can inspire transformer models in the
field of artificial intelligence. The prefrontal cortex plays a critical role in cognitive control and decision-making.
Firstly, the article introduces some advancements of biological research related to the prefrontal cortex’s attention
mechanisms, biological encoding, and multisensory integration. Then, it discusses how these biological mechanisms
can inspire novel brain-inspired transformer architectures, with a focus on enhancing their biological plausibility and
computational efficiency in self-attention, positional encoding, and multimodal integration. Finally, it summarizes
the development and potential of new brain-inspired models influenced by the prefrontal cortex, highlighting their
support for the integration of various neural network types, multi-domain applications, and the construction of
world models in reinforcement learning, thereby building a bridge between the fields of biology and artificial intelli-
gence.
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encoding (SRPE)
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Fig.7 PFC biological coding process inspired transformer position coding
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Fig.8 Multi-scale convolutional transformer model for

EEG classification in different modalities
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Fig.9 PFC multisensory fusion with multimodal transformer logic structure diagram

A ITVEAENS B i U AR 7 1K) i ™. A AT
HAEAH G TR — b T 32 K B
BT I RE I 2 S HESE CogAware!™, B HH
RoBERTa H'[] Transformer Z&A4 3K HE & it 211
RN, FFERTHIG I8 AT AR 55 10 A A R B e
TERTCH, RAIC A 45 T PFC AT LLJE K Trans-
former 7E 1 B AT STUSRA W it 2| PRI oR SR AT DLk
—P2iEd PFC 12 R ERlE DIGeE KX B
H 1) CogBERTa #% F1 1] Transformer £5443 77,
A5 AR A6 155 SRR B U BE AR L PR B4, NLP
55 ol A S PRI R S FARRE 73 28 SCAREE PR A
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() 22 Jh Sk 1 B S, DUIA 31 e KAk B 225 B 4.
HRETEAEY S F, T PFC S55aik 2z 2] 2 (a5
Rt &Rl — it &, fl A o E R A
fMRI FAR, @it 5] N —AMES mEHUETE A, ikt
F gk 2 A S BURE B AR RL W,
PRUTIE M FT T 2 2 (Ventromedial prefrontal
cortex, vinPFC) 0] 4l GOFIHEFE 5 4k 27 > 4£ 55 1)
SERETL AN, ALEHALEIAE A A S ST I R AT
75 ), A B 5T B SRR AN T AT P AR R
JZ (mPFC) AFRNE X AE LLZRZR 5] 5 10 KU / 22l
FHARWER, BEAE R T “ =4 — BRI
TR AT A0 A e B 2 ) A AR ) X3 2 i 6
PSRAT N2, B 7L 45 SRR B mPFC FA R IX
T2 RS / ik S b B AN [F] H B A E ™. inf
B F 3 E 0 N AN U5 sh i 7 i A2 e K vim-
PFC fEAREHEW S R IEEIEH, vimPFC 2 5
TN AL AT 55 FRAE N A R 5 5 TR AS I HE B
T A DS PER, DL X e mff 50 R IR B PFC 7] LA
R sE AL 2 ) R AR AR W 2 T R, T S L [RD B
Transformer B84 KB AT L& 5@tk 5 2] 7= AL 2%
IR R0 Rtk 5522 S G PRC A
Transformer 7] PLAE A SR ()0 70 h 48 AR A 2
H#id PFC X Transformer HJ)3 & #t— P it HAE
SR A A ) A KR

PFC Ji & Transformer # M 7E H SR TE 5 AL HE,
AL AL BE AN gAY 2 S] U B N © 48 s ok
HIvE J1 R R 5. A2k, PFC Ja & Transformer
WA BAEEIT 12 W SRl RS PEAL 55 3 2 3815 21
;R e, Bl B AT A R ON ) B B A T B 4%
ATLCAM 2 R R B TR E 2 )&

3.2 PFC BRZREHZMERE

K E % PFC % Transformer #8125 &
F—RFNM 18, A X W5 B 57— A a8

PFC & & [RIFEA] PLE K HAt i 2 i 242 I 28 A5 R0 g 2
X HEREAT T AT

B, ¥ HCREALSH CNN L, PFC Al
DAY CNN FERLRYSBER, 5%, B AT 2555 B kAT
g, e R — DR . Bk, T4k
A F R T T AR 5225 5 I O
AR BRASHATA OCHT I, 8K CNN FTEER
JIMEE PR & 25 34T b, AN ENIRS Fi it
)7 X 5% R g BRI 8 B U T ) 4 1)
FEAE, AT TE H B A 2 SO A5 A, FF o
0 ) 452 8 st S B G 0 IR i AT X A
PFC iF3hA1 CNN FillfE L, &I PFC {5515 CNN
AR R ME (Decision value, DV) fA1EAH KM,
H B AR B B R I AR AL ) o SR AL
I RAEALE 2> T (Representational similarity
analyses, RSA), PFC fil CNN 7EF2BUA A5 B
AALTHEALS], BRI PFC 5 CNN (1)
BEA KRR RUAFAE RBK, X B H B R I A — R 5T
K72 52 2R P B e 48 () TR ST 2 41 1 ik,
AL, A TN G L CNN 5 A0 2 0 1
PR RAE, H i 3] PFC 75 NS5t B0+ 1
fEF LA PFC 5 CNN HySRIBCAIRT B, 8 LA
FAR DB HIF] CNN B8 s 8 R AE, S25e R I
N B R FE K B PFC 2 /MW X, JFH I
CNN LAY [ 40 28 R A0 B )32 143 A7 75 BEAN KMo .
XKW CNN FAAT LA HE PEC DhRe i A R4
ARG AR IOR K, P gk AR R R, DA
B4 i ASEAEL N S B A i B N A A B AR 0L X
CNN 5 PFC Z [l J5 KN H SHBESGIEY] 17 =
FAFAER T 2 AL Z A DL KOG BA (M) 45 6 R it

HR, Sk 2 4% (Spiking neural net-
work, SNN) [JFHIC N & AT B, 7649 e,
R H B 28 0 ) FH B4 AL e I T fisdk AT 2% 21
AR, SNN 1) TAE RS 2 AL, B Sm A
Fo, P e o R A6 v DA™= A2 N LB fE L. SNN 1E 2
FH T~ 5 R 28 o R AR AR AP E e B T ik 5
R A8 AR BT R N 2 g5 ),
i A0 e 00 ef1) 0 ASE A Jok g B AR P T B8 14 (Spike
timing dependent plasticity, STDP) FLII 1) H &
JE G fl A E SR, H AT, SNN 48 ] DU Dyl 5
FIF0 FERE R 45 17 B, 4514 SNIN A STDP
NI FLEN VIR R G AP 2 TR SR A
FHRHE T R A B 45 SRR B, R 200 R BT 5 4
Pt A2, KM PFRC X313 sh it 2 5 m e Sy
BT UL 5% 3 F X Foh 200 S8 A R R ok BN
SUEM SNN X PFC #h& ek & —MiE A STDP
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S 51 &

VE % )R o SRR AT AT DI BREADAE 55
DIH ORI B . B B EHW SNN I PFC
HHIZ3NHT K Z (Premotor cortex, PMC) fI45&
JEFFWF T FEZWF 7L A SNN 4 H RAAL PMC
RO AR 235 5, IR B IIA BB R R 5 b RUBE &
5 2R (R AR IE T 5 I, B J i 3 I e/ —
e 77 VE TR IR R B . DA 42 B AT AL B
FH #AA S AE Th 0 e e B B, AT A PFC i 3&
P PR 22 eI B R S5 R SNN BE 4 156k 2 3 HH 1)
FHE TG B HEAT 1 S P AR,

Bt Ab, FATEST PRC 7EEMZ /% (Graph
neural network, GNN) 1[I H #EATHE L. &4
BIL#S 27 >3RI JEE 2 > SR R e i I T o7 B [X 3k
(Regions of interest, ROIs) &4 fH K fii i 42 iy bkt
S 1100l i PR T 3 S A AR 3 R 2L K i ) R AR 1 %
GEH. PP X 46 AR 35 U FE T BB A% 4 41 PRl ek o
TEAHEAE H T 60 & R S5 kA5 08, P DA M iR A ME
GUIR L 5 21 IR sE AL BB XK A 2, PR
TERAEAR B U RAT K I V. AR T
AHAEETEEBRMNER K, BT EEG
SR ) TARCAZ ARG 15 D0, o i B 8 41 A0 iy A
PEFC 4 1) 8 3 BEAT BEAAR 53 2K, A A1
FHFE AR A R I ) GNN A R 2
W R I 114 3 SRS S ke, 3 T B T A ) P 5 A 5
TR IR e i) by A N S P k. %
FE B Dy Re 1t 25 L AL R AE R R4 1 7 8] o A 5
AN E), R AR G i 2 23 07 ek e e s s 4
OB B R e 2 40, T of b e /R, B 7T AT AE
i et R A OB 9T 77 (Connectome-wide
association studies, CWAS) H £ Jr i & i f 7] )5
(Multivariate distance matrix regression, MD-
MR) HIJE K T3 — P T 240 5 5E B A
M %% (Multivariate distance-based connectome
network, MDCN) ! i fig £k T 323 56 A A5 A0, K 1
BRI R . R DL T, LT
PFC T £ 1) 1E X e A 15 B8 G DL R R N 4%
AEFREE A RER G T GNN J3 &k, M4 645 2050
FATWFEIRE T R 22 X 2%, A FL B8 B - Ak 3

= 1) 7 8] 53 A7 A7 X 33k 67 ST 55

wJa, A PFC fEIEHA M & M4 (RNN) H
()R AT B 9T RNN & — P B A 18 P02 42 1) #if
22 2%, AT DAL BRI AL (8] 7 41 SCA I 7 51 £
#&. HAT, RNN 7E AN LR ReSUEAS 2] 12 18 H
HHAEA W R R, DA 1A & 2SR
TEM ML W 2% (Spatially embedded recurrent
neural network, seRNN) 7E N [1]i#% 2 RNN B,

seRNN 7£ = 4ERR ) 1 1G5 8] A2 A2 I sl T 454
MTHRERFAE, EH7R 1 V28 WL 251 A 1) e i A
AR W] KB A AL FOF A T AR R Y
sl m AR PRC D) S RNN 45
B, FE ST RENS 18 TN BT AF 55 BRI S I R & - i
3oL [ TBOL A AN BT D10 A e SRS A A 2R . AR o S [
TN SEALL T 5 RO PFC I e st, XA B T
e N SRAT 9 B R R SR AMAT 2 ade £ ) A A L
RN Ak, LSTM fE A RNN [ —FAgfk, 51 A4
RS ST BT 1A H TSR 454, AT
THRISR M ke RNIN A [R5 JBE 3 % AR J5E 1 A 1) L,
FALAF LSTM 7] DA I (] s ORAZ AN AL BEAE S, B
A RO AL B A7 VR . TR A ST A T
% PFC 5 LSTM M4 & M E 6. Flan, A7
o LEH FH 50 FEL A 5 0 SIS R BEAT A U 78 e e A
th, SR PFC A SR R B 1E AT 23 Hr A 2 B
Je LSTM B AL [ 35 N H , D3 21— R 240
RIS RE A I 5 900, TR A A SR A AGr I g 17, 3
A 7T R O KRS IZ M 2% (Bidirectional
long short-term memory, Bi-LSTM) X i F %45
BEAT 703K, IFR A RN ITUR R RNE (Minimum
redundancy maximum relevance, mRMR) 75yt
ITHRHIEIE B, TR FL 5T PFC X4 (Fpl. Fpz.
Fp2) o i B B AR A fr il = 4800 Ktk PFC X
RNN. LSTM FEHY ) Ji & 3= EER AL AL B HE 1 2
PAT P I TA) 7 21 B A B L SR B B2 5 45
IS FHAE 5575 T

534, ik & CNN, SNN, RNN A1 —Fil A
TARZE M E AR S pR B E R i A R L
HIfERT, B ATRIEEXS PFC 5 80 B8 20 18]
HRARBEAT 1880 BT

MR, N A2 28 8 22 R F A1 Tk A
B . O R R 4 1 2 S R R
EREEMMEN]. R8O B B0 A 2 e B
BB bR £, Sigmoid BRHAEMT, X UL bR AR Fh 22
2R I R BU iz A8 IR, BE N
T BR BSOS ORI T AR 008, X 6 Ry T AR A 9 45 £
WIZRTE UL E SR AR 24, M 5 e 0 2% (1 P e
RO T, TF A 280 3 SO o4 B
TP B A AN [RV AT L P82 s o A
MR B & SRR IR R 7 7M. 222 il
Tl A g T ZH AU R T A M AR B 1) = 4 A
B UL K A A 2 AT AT T DI B T
F R A 55 <5 ) LS 3 0 Ao 0 A 5 r L P — B 22 4
LRI, X PRI S5 PRC EN K
10 DX A 32 Bl B JZ e iR A A R
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R BOE R BN AR AR, 75438 B AT EME
25 R P 5 T I 3R EL X B A ) B SR AR, RN AN
20 B {F L2y A A RE AR T — BB BR B 1 R
U], AL R A A L VA T (S 5 AL B v ) B
P BEARARAR . 30 A SR AR TR I 5 ST BT
ML T2 B AR R B AR, (HIA T
K2 RIEM N L IE B2y, ARk #8733
I PR U R B T T YURSREL. HT O 2l —
BRI B AT A G AR L MR RO B B SR, BTk
DN tanh SAEIZ T B LA BR B TSR
PR SRG B SX LA ORI U R R T AR Z A
PO R RSB AT T LA GR SR N PFC 530S
PR K T BBk 2 1Y) B R

L UL AR, T A GG S Y 1 i) s
TR, PRC B s8] DN 2 R AU i 22 ]
2R M R, (R R % TE 47 S B PFC 1Y
Ziky 5 Re, BETTAE S B 008 Uk b Sl s hn
BEA R 5 S AL 2.

3.3 PFC B% Transformer #EH FZiEH

AR — N R A BBt 2, B
X FLSCH B — Rt R AR R, 18 A TR B
RS AR T N SIS, H AT 70 2B Trans-
former. PFC #A] LA5 tH SR 7E 25 5 1403k e 2
SRR, A PRC 25 WA A fE)E K Transformer
BT b A A SR ? AR A T X — (E SRR A
() 10) AT T

NRB R BB RHE B S 20N RIRE T RE S
I H S 1 & P BB AR R RE ), IX EeRE
J1It RS S I o BER A AR 4. Rk, RN
B REMLAS B ER S DL KRN E AT N i HLds A
Fi AR S ARG E TR A iyt e, o1 S A Y
) AIHER A B . R LT LR, B 2
SIEEAR RS R, X — AR L2
B FE N G JE s ) 2t SRR Sk St SR AR A A sh /R
Fadfi el g HOd e R AP SR N B3R B X a
F A TS A S A 1 B SR AT RS B IR
TR b A A EE RO, T DA, T AR R R HES)
H AR RN R Be P [R) A 98 ) DG B 4 4, 35 AH
56 R . TENLAR AN 70403k, M2 AR A
R B R, 5 21 tH FE R TR 24 3 ok HE D )
AN A4 o 8 AR FE R LU AT UL A B A ST 5 e ]
IF, FEAL A A3 S Bt S 2 ST A HE R I
fEHRRAE HE IR T & g5 5], 2—0™ R
PIPklR, FEATHERARE, ZHESETEES
B, HABIRE S, BRBAGHEMNEEZ

PR, 1%L R e 5 Pkt 75 AR 1 — D I e
AN g k.

HH: A Y AE 5 Ak 5 2] SR A a2
. i, BT BIR A 5R AL 5 o) SBOE AR AL i A\ FR
R R R B3 R fEIX sy vk E T B
5 IR AN S 4 FLA SRR SR ABLAD) FL S FR
58, H HAFH A SRR 8 G ) 3G 5 R Re AR Ik
SEWE 7 [a), AT AN 52 5K B B0 SRR (10 KA R 1.
X AR B P BEAE AR RRR B Bk Tt AR A 1
FIVERBFN A il RE 77, BRI TTN 1 O & 2 5K
Transformer g4 A\t F A R 2 Apis—1200 {5 5 3 4 T
YErR IR A 7870 F 4 Transformer ZEHJ I THRE. Xf
I, BT E XX AN ) 8 Transformer 58 K
AR AE e 71 55y H A i 3 (VAE)
() Bt LA A 45 G, 4 — o vy R0 ) e S A 4
14 #F Stochastic Transformer ] tH 55 7
(Stochastic transformer-based world model,
STORM)"™!. & i A 5= T A A b 7 > Ek ) BE e
MEZL, K B USR8 A8 5 ) 34 5 3 e A4 1) 3R
g (119, 122125 {27 HE B0 P B A SR B A T AT 2 1SR
WS o L S B B304 A 0 21 e e g2 o [X b, T A
FA M1 TBC% i XA SRASEAS: 81 (10 00 320 Bt S s 2y
¢ e 5 A5 21 ) FUOBL R G O A SR AT it i
XA P RAWIEA, B RBALIA B H w HE 1)
HSUM B AR ST, Ak, i SRS Bk
TH SRS (1) 3 TR 5846 %% 2] (Model-based re-
inforcement learning, MBRL)"* 2L gl N—Fh 1R
HEOIEW 7. AE 8 MBRL [FSEAH B 7, 1X 2L
TH AR AT N T Rk se s Tl HAT A Y JiE SR IEAH
St 1) ). ER T T 1) SR A ) % A 8 R 4%
R PUE R R, AL MBRL 8 A 0& 1 3 T4k
REMCE BN — M2 KB, K52 Trans-
former HIZEH AR 5 10) 7 1 A6 AL S4127), S5 2
LS. BAl, cafAR2MAREY Trans-
former {E A TH: AR AL ) 3= 008120 [E]isf A5 B 7T
P T A5 AT SSM A2 8 H tH A s A
HEZE SAWM!M™ 38 i 5 A0 bt SR A [ =
T TR AT SR LA TE, A3 T SAWM £ %
MEIZERAE S EALT RNN Al Transformer 45
W IXECHERARIN 1t A AL A B Ak A o ST ) B
PE DL BT 1 R R R S, AE RSk
PFC. AW AH = AR 5 Transformer %54 PA K
Transformer 550405 ) INGRIE R 5, AT LLA 2
P RE B 47 R T AL

T SRR A B AE H 3 S B AU B R, A
N A8 AT H SRR feilr S 12 19 o 21 g [ 31




1418 H 3

S 51 &

QR TTVE RS T T AR AR K v 4L
RONE G RBEARAS, A H 372 3R 4R 5] 5T Tl
M MELERES 22 2] FEE S = el —
Tty 380 3 [ 2 25 BEAE S, 12 HE B2 K F Bl AL 35 7
TH SR R BRAIC w4k 27 ) B A 2 2% ) 20, 3
AW — D BAT A E VE AR AN BE LB A R I
W FBA dream!" BY 5] N H BB BAELL A A
T 2 75 TOUIU K 52 0 725 s S s 2 > i A 1 R PR 192,
SR, DA TAE 4R it AR AT e 4TS AR B 5K
BEHMEFLRMITREER, X2 FHULCREE R
POE NG/ WHIRE =S L =R Rl e IR N e
B4 H— A SR S T AR Y (Semantic
masked recurrent world model, SEM2), 1E £ it
FINAE SO AR R SRS 2 B AH O 1) SRR AE, JF
T S BRI R A A B PSR | B
TR TSI 2 A AR PR T A E T+
P EENE X, HArt SR A 22T
B FR BT, AHAS FE AR SR B 7T Hh Bl 5 S A
AW R UL R il PFC A Bk a &, ml
DAHERE A0 5 B 3 S BEAE N IR Ut & B 22 1)
B

WA Ty A U P A7 AE TR SR it 1 ik
B, AR b S 2 I R AR AR M 2 T S P4 T Al
HLEERE P BB (1) N Bt SRS, 51t A A
FEN G0 LK A 42 X 2% g v SRR R A i 5 R
PFC #2870 S HAR 28 2 1) B 1 8 rE RS 2R, JE T £
KEBENRR IR, DSR4 f g B 3z
RS NE VA R CESPIVE e ooy 528 NN TR
ST — ML BRAALE AR A PFC o] DL
TR AT OB, [F] IR E N T RE U IY) Trans-
former FHHEILH T 5 ARG HE ),
W48 PEC (AR DI BE A K Transformer 8 4F
Hiy 55 tH AR AT 25 5 o — MBS R A 5T
J7 1A), AHAE AR AR SR A 7T 2 A B 20 HH G R 1
VEAE.

3.4 WMREE

FE#E X PFC J8 & Transformer M HA s 2 ¥
R B A WIRN, KRR E LR RE. —
i, ARz — s a R e N TR S
oA~ R Q5T ) VR B il 5 AN RAT IR, $hE PFC
JA R R 22 ) 28 B R B 22 AU L. 53— T T
N Z SRR PFC 5 Transformer 55 #1258 [ 2%
RN S5 607 32, LI (R0 28 0 28 B8 FE
B AL A 2 Y 2 A e 0t SR (1) R R RN R .
[F] ), 0 75 22 A B4R ot B AN B i A AR R A

TR A L AR AT R 1 S5 T B PR, LS
LN T RE S RSB BT, Arh o i SR AR
BESD S R TR

4 HERIE

ASCE I g AR ) 2E TR R A K2 R L
fils VgL, 2R GSEDIRe, 5 N TR Re
1, Transformer F A1) 5 3 & SIHLG] £ B %55
ZRA R S JHAT — — XL, T2 3 H B At 5 =
J& /& Transformer 17 24 T 783t g DL SR Sk v
AT BB ST SR % . P BE G BT B2 Z AT Transformer
TE& BRI A BTR R, MEAR RS HIEZ 4
i 5 IR KN TR REBIAL 3T A, AR 3K
2 2 BRIEZAEY) 5 N T3 5e XS0 1) 28
Fi VT SRR R
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