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R, RN Z SCHERRRT O T Sh AR R TE R
4 (Kintsch, 1988 ) ;5 FEAILJZT, AT A4
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( Ouerchefani et al., 2024 ) . IAF, AJFEMUGEGEH
fRET, AR AIEME AT RS, REHAE
RURME S, o 50 TR 2 g — Bl N T e
DITEIR I T4l itk e (5kekas , 2020) o
SR, EAFR N TR REFETE & GUHUS T4 A
e H R m . RiE 5 B o TR 2 ) i e AR
HRL, REREIRAS 1R 38 NSy iE B S AR i AE
( Vaswani et al., 2017 ) . H R ] transformer 2244,
R IR RSO Th O F B RN TEC R
ZRRI R R SCAR B LT A B w2k, K
HH AR DL ) NGB F AR, 1T F AE
FIEEA# (Radford et al., 2019 ) 5 28 ieh Wi B A
i, RIE FAA i) DL o T AR 45 T
%, FRAE B AN EEA T SCARAE Y ( Gunel et
al., 2020; Ouyang et al., 2022 ) .
KB F A BRI AE—Bm sk, mesas T

— RV . 2017 4%, AL T transformer
B, X —FPE T A EE T (self-attention ) AL
Tl B e 5 e A Y ( Vaswani et al., 2017 ) o A% T
W RT TR PRI 22 R 4% (recurrent neural network,
RNN) , ‘Eiliad B EE P S SR iR
PEERIOCR, e TP s gt A R, 58
BT IFATARAL B S A AR R B AC L, A
EESIHLE], transformer ZEARERZ L4 " N ¢
RO, ARG A st 7 ) Jy s e AR )t
T T SCAS B BT R i 1, A LT A2
M A SRIE T FRIAEC, 2018 4, K B R A ASE A
AHAkIA . A0 BERT SRR AL, Lt
TR ST B EE i 1% 3R] 1 (Devlin et al., 2019) ;
OpenAl 1 GPT W38 3 1if SC Tl 5 2210l ( Radford
etal,2018) o FIPERM “HOINL + BOA” #YI7
2, SERI R NSk ) i VS 7 3R AE, FEET
XTEARAESS AT, IR = T A SR 5 b7
55 kRE, JCHOETEZ AR RO, K3
PR S5 FPUR T DL 2020 4F, GPT-3 /Y
RAThR R RIE F R, 1750 12548
LB TN AT B A AR R RE Ty, (HLRERS
TEF O R s h S B % 018 5 28 H. ( Brown et
al,, 2020 ) . 2022 4F, InstructGPT il 1t 5 1k fi 14,
ALy LR A IR ST SR (DU B S A5 A2

I (Ouyang et al., 2022 ) , N5 %E ChatGPT %5 X i
RGBT THAN, X — RV vk, i [Ei g
THRKIE FHRIF AR

Kh 75 A B LB [ AR B AN T LR 1 1)
R, AHE R B 2 5 e A AR AR R L
K5 RV 1 . HETR, ASCHIRAR
PIRIEF R S0 M2 0 D7 LR, SRR
VEAE R 5 R ) b BT A 45 E B I

2 KNIESHEBMERMER: A\THEMEE
BTEIE S NS AR

KU T BRI K AU TR B2 2T H R I 28
TR 2 2] B N T M i R SR . 150
—FhZ A R G E TR AN T A2
2% A EE SR MLt R, — AR AZ L R
P JZ A )2 I A 2R 0 2 IR A R M 45
308 3 e o AN BB 2 ) 5 S DA
H P 2% ( Dongare et al., 2012) . #H kL T54
N T A2, AR IE 5 AL TE ANy T SE R
TRERUE R, RN ML ZECRINGE . JIZREL
PBY K. SEOIBAWY K. L5524
F5 15 (Smith et al., 2022 ) o XSSP KIE R
A& TR BE & P AR RE . R, AT
IR F R IR LR, OB F R 5
W5 N T2 25 1 e R AN AT 4

N T ML KRS0 gk, it
ARPERECEE S 2 E R BRI R . 1943 4,
P2 2% 5% Warren S. McCulloch A1 % Walter
R. Pitts T UK H “H 4" S, B2
BRI ITE R, M AN T A M2 E T RAbHE
28 (McCulloch & Pitts, 1943 ) . FfiJ5, #iZ.0 B
% Donald Hebb 7£ 1949 4F % F iy (47 M 4L 21)
HBE S 44 11 Hebb 2% > RN, 48 HY 28 fh 42 12 1) 5
JE T B2 ] sSA R T, BIAT A RGN %
>J LI (Hebb, 1949 ) . 1957 4, .0 Bl 2% % Frank
Rosenblatt £ HBHIML, X025 Y HA d I &
SRR ST N T ARG, Refg i B 2% 2 52k
fRT PR 2 ME 2025 4T %5 (Rosenblatt, 1957 ) . Hebb #il
Rosenblatt B9 T AE#BGRIH T A T4 25 W 25 1) 2 2T HL
il TieE T RE R AN TR RE AR & .08 g,
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R R RN R EE ez —, #EA 20t
70 80 AL, AT HAEMKRLEt H 2R E 2y, B4
FTEAE 22 AR R . 1982 4F, A=Yy
2% John Hopfield #& H H AT S AL B Hopfield #1458
M2, HESh T TR0 G M 25 AR AR A i o o
1986 4F, OHE2ESE David Rumelhart 25 A48 H S i) £%
#%& (backpropagation ) Bk, i A\ T2 R 45 115
25 R , TR RBP4
R I RCE (Rumelhart et al., 1986) o [A]4F,
> F2# 5 David E. Rumelhart £ James L. McClelland
1£ ( Parallel Distributed Processing ) H ¢ i 3475310
AT (PDP) 8, FRGEHbIz I T AL [ 2545
WNEMTE S BN, g 7O S A
A2 M2 TR E A 4 (Rumelhart et al., 1986) o
HEA 21 e, FET N T2 4 iR FE T AL
SR TR K . 2006 4, HEAHLEZEARAA
D22 Geoffrey Hinton 25 A\ 42 IR 5 & 4%,
PRAEEVRIE2E ] 24 (Hinton et al., 2006) ; 2012
4, Hinton P A PR B2 45 B 28 I 28 7 SR
SRS €M ( Krizhevsky et al., 2012) ; JT4F3E,
BERT, GPT % Kifi 5 AEZ) K, 4, AL
PEEMZEE ) Z W T AR S AR SR
P22 W S 251 4

bk, FEANTHEMGr &R, O
PR T BRI, s T AT
W8 AEN AT B R, 30 Tk T A
AN R o AR R D BRI — AN 3, O
PR T S0 N T2 28 0 T A E 5 A
I8, AHBAUAGERTE F i Tk e it 7 s 2
WP RIEE IS Ko HE T N TR M 15 5 T
NAIBEAITE 20 T4 80 ARG, 72 1995 4 A4
KB, Horp, PDP AANEUL 1.0 3IE F 2R
M, RN . IR a4 RS T A
25 J5 1 ( Coltheart et al., 2001; McClelland & Elman,
1986; McClelland & Rumelhart, 1981; Seidenberg &
McClelland, 1989 ) . o —Fl# 4% 3= XA, PDP
sRIA(E BT EREE A ScH, MR e
Do 2% (A R AR s AR AR U ik 224
TCIFATIN T LA K B AT 2 1) s A il S 8t il an
McClelland 1 Rumelhart ( 1981 ) & Hi #)38 H. #4006

AL, AL TSRS S AR R AR
AL BE TR 2 AR IE AT Rk
SERTRRNC A e A JelE 5 By bk
PRIAT, 3% LEF R g8 — 200G 5 Z DRI A in)
PRIES o S, WS i TRl 2% 25 S 15t 38 7B
TR, SR AH SRR S8 AT, (i Se R
B o IR RS AR LS . 5 A
BRSO SCFAF R REAR LG, B N )RR
MBI AT B ST A T 280, I 4
R

WAL, IR GE AN TSGR IHE S
TRz OFE . Hodh— 9852 T R TG «
T APFS IE 2 — By A Ta] 5 — Sy A L 3e]
SEA AR [ I CALH . XTI, GO3EF AR
ASTF) B 30 o N T 28 X 286 A 7R R A 7 30 0E 5 A
L, filan, XGE A (dual-route cascaded model;
Coltheart et al., 2001 ) 5 F WA [EE B A= B A&
RS VURCIR TR RS 2 =t /70 bW i s i A ]
ANHIN ] D) 7 B 2k PR LS 2R R o S AR [A]
— LAY (triangle model; Seidenberg & McClelland,
1989 ) T4t —Fh G —mn THLE], AN B iRl &R
T 3L IR A 28 R 2% ) A SR B, T RO
EsiaemsWIE ALY

A, T A TR ATE S T I FIA R
A TR N A ) i sh A R, D=
BRG], B BRI SR e (i
1000 28 10000 1] ) X EERIGEA TSR, K BUAR Y
F IS T S PR T, XA 2 Bl
HILEEF KRR, Fit, e Dsit
FARITEA [RGB B r R B L IR > By
B e, DTS R A HBER I 27 ) i dL i 5
iR (Seidenberg & McClelland, 1989 ) . AJ UL,
H TR AR A5 F G I AR
DR F 25O TARZE R TAE, fEX—id
b, NI T TR 28 I 28 anfer R4 7 i 75 SEL A1
AR T SR PR

SRR, 1ERRIEFHR R4 5, AT
25 IO 4% 114) e J 500 B2 R ) B DU RR SRR OC
DIREFAUAEN T AR L) K S i iy 1%
S, R IR AT s 28 RS AN
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Tad e O 7T R 2% S A AR AU A S T
=B A A, DB R S SN B A R AN SE R A
TR R 2L, DT A TR REAETH = AL B
SR ORGP Bt 1T BT IR

3 KEFHRBEMIENRIE: FRTNEHL
FRETIRHRNBLAR

T HE A (word embeddings ) 43¢ A3 i Il 2k K
Y SCAERE , R AR SOC R A R )
IR, 182G niE 5 Reas 28 AL T DI
fE R IE R i, X—H AR ERENTH
RERBUSTE T 7 SRS SR i — A OCHERT B2 . Ttk
ARG SRS TR SCFRAE T L B AN B
MZE S 4 T O IG5 5T ENR
E LR X G o

T SCRAE T A R By T HA
Bt (1) “mBiE s BAapsd. 20 tHa
T, S A Zellig Harris F1 John R. Firth 42 1417
TE U A R AR AR, DA IR OB ) R S
4%k ( Firth, 1957; Harris, 1954) , 4 J& 2 (53 4 5
18 SUAEAY ( distributional semantic models, DSMs )
HET B IERE, JOBH2ESE Osgood (1952 ) F2H IS
N7z Rkl s RV A b, e SR 224k
EAERIEREAE TR, (2) fF9RIE A
J&, LIRS WordNet (Miller, 1995) , &4 1)
MR R IR aa g, ] Rz Al iE OCRIE
BUE 2, BATHORA AT AR, (HAEAL 4
MESE AR (3) FESmERIEAENT,
20 tEZeR, IABNGHEZASE Kevin Lund FlT Curt Burges
H % T HAL #%#! ( Lund & Burgess, 1996 ) , i i
1] - A G R A g 4 ] i R4 1] ;- Thomas K.
Landauer F/1 Susan T. Dutnais #&1 LSA #%%! ( Landauer
& Dumais, 1997 ) , RJHiH) - I F LIS
AT ST R A S R A SRR
PR — A 20 OB ER AR iy e 4
TR 1) H30 T ZE R AL B AR R S WS T
55 AR A A0 UL word2vee ( Mikolov et al.,
2013 ) , aE g N TR 4% B b Rl Rk 2
AR i, IR Z ] AR B e T3] AR S
RH A ] ) SRS, XEDLIX AN RS

B Lo (4) ShASTE XEIER & . UL BERT ( Devlin
etal, 2019) F1 GPT ( Radford et al., 2019 ) AfLFEH
KB S KT 22 )2 gmi e 2% , Al A i shSHY
NSO i 1) i, RSN IR R 1A
(5) EBRESFMERNGE, ok, IEFHEATFRSH
A TR (A tENSE ) LA, KR
G B €7 e s R T e et 151 KA o i I B3
BN (Zhangetal., 2024 )

Tk, 2R XAl A S R sl TR0
NMFRMET LR B . — I, HEYUR =TTk
TIHRAERRRALEIAR , RIBE b2 5 T4
KRR T RGO IS 15 5 — 7,
O PEEFIE B i T e RS &, ikt
SO AR GOHRN S SCR A T IR R R N A =0
SORSRIBE S T SERl AR CERAE 7 A9 & A Al
TR AR, A3 R SR A P
RO BRR A AT RE, HESh TN TR ReE T 7 S &
REEME

4 KiIBESHEBMAXRELRIESMIF0L
EEEF=

Kf B A B 5N ZEE F DAL o J 3
g2 RS A, E AR L TR N
AT RS =T . NERKIE FBARRER
AU T RYRAE . A SEAETR 5 2 TP RE S R
B RO e RTE S A, MO SR A
FRBNCT R, ORI KNS TS R R
LA AN ST AT SORES FVREE ST (Frazier &
Rayner, 1982) . TEif CEEG 7T, Yt A dA] 5T SC
WBEE A —32, /4] F “He spread the warm bread
with socks” HH [ “socks” £xif5 & BRI N40O S0
( Kutas & Hillyard, 1980 ) FI5 < f7F AT H] ( Rayner
etal, 2012) , XRHIIMGLARE T SCH SO
i NTIHEA TSN RS FEANE T T, A
ARG R WAk SO PR . DR B A )
“While Mary bathed the baby played in the crib” 4],
FEH e “the baby” fi#HT “bathed” (¥ EH%
B, HIBE P EGR “played” WA EIH BT
FH T F L . X R E A A R A A
FEARI T) b ™ A TR 1) Bl 2 ()R 22 ) [T 7o
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(Joseph & Liversedge, 2013 ) , F-7E ff 57 18] 5 A&
P600 %53 ( Osterhout & Holcomb, 1992 ) , Szt T 55
0 W) R iV VI P = s R 2 S 1 WA 2 A=
AUy 1 ST IR SCHY PRRARRS, ook T2
A 22 A7 AT T2, &8 (token-by-token )
PEATREIN T %5 A —> token i, HBIAISIET
% token A< B 1 SLUL ST SCHO TR SCTS 5, WL
A7 RISy B AR RS . RS A S SO i, SRS
REARIZ T 9 AOME R 5380, DT I8 B X 5 i A Y
AEFRHEME ( Vaswani et al, 2017 ), SKAPEFT N T4
K5 ALIEF M LI PRI T I REX I . {E
TR, PRI R AR F i = T
. iln, BERT BEARUHEEF L SCH [ 5
DB 1), AR5 i T LA 43 1 SCAR i34 7
JRSEm . AL, (HAEFFEESERT N TR AR H
THALER, GPT Bk A 20 TR ms T 5 2,
XAV NS B R 2 R S AL ()
Un GPT ) RN T4 J5LA o

N5 RIE SRR S Tt B rp % —
AMEHEATI . lan, ERSE N sEt, Ml
J35rE] “the boy will eat” F1 “the boy will move” i,
“eat” 23 PATERTEM B FEA: RIAY “cake” B,
1M “move” WAL= AL ARCR, X R ALGEE
TR SR RPEE G B35 (Altmann & Kamide,
1999) o Kifr S BAAE A L] L BB L T
2018 4F, 4+ BERT K FHEASALH], it [ h3C
THEEER A I, T OpenAl BY GPT JUl3# A iy S
W5 2einlif, R M SEHINEARR], (HASEH
THIEMBMZERI P RE. B L, TR4E 2
i B SC, GPT-2 AR5 A\ T —Nal b ER
REAY (Goldstein et al, 2022) , XK KIEF
BERAERTN DIRE L 2k 8] 75 AJARAKT-

AR BBEH I, ANFAKIEFERIERH T
SIASRNE RIS . N EAELIE F R B,
SRR TS 752K, X OCHHE BT R s
RS, XA EhAS = I B AL RIFE TR 5o
TR F)ZHHAARR] T SRR A SIE . ZEA)
T.JZ1, Birch 1 Rayner (1997 ) BB ABL, 24iA)
TCHEESR IR AT (40 “It was the mayor who refused
to answer a reporter' s question” ) , T XA ]

“mayor” FOVERLRS R R, IX A 2 a0 ek
JrBc®) 7 i%iA [ (Birch & Rayner, 1997 ) . TEIEF
BN T2, Kintsch F1 van Dijk (1978 ) & Fii% % %t
TR ARG (INFEBA]) BEIZEE
JRERarE (AN E R ) MRy 2~3 4%, HARMH
I R 38 R BE . Hyonad %5 A (2002 ) fii R 338
BRI AD & AR 2 e B A F ] e A
T e 2 (B R 2 () A TR, RIS Xt
RO 2 0T S TR A N T RN B
KA FARERGE R [ WL SE T 2 gAY
FAAC, FEAE G AR, AR S Sy R ]
T 0 R A B S /0% (Vaswani et al,, 2017) . BA
M5, FEWIF—ANan, AR 2 S5 8 B A7 1)
MITERL 14080 IS TR 2F 2 R W B S8, B
S RS PO — 1) B 1 I TR R A v
R, AE B s = A T RS IR, X A Bl
BIRAEF N TRRE R Rl Uk, BRYS
ANEMM AR ZE S, BAEFRERE LS A
E= ARz (S

T BRI A, 1A N T AR E S T
PERZE A, MR T OB T R ST TC B 24 > A
St WG, PRI GRS
i b SCHU S 2R s kR SC R, 4k
WS BRI ) B SRR S AR TR 4G SR A T X
B2, N TA R R Gl IR IR
MR SEL, IIMSERERRIER B A
DOFPEEFIE F AL 2= 203k, A TR RER
SRS A WB 2= . ST TAREI RS,
F B2 S A5 N TR e 3R o R A et SCAR A T
rr Halfrik. ATRAE, IR S A BT AR
Rt n] MR, S N TR REAE A SRIT 5 Ab#40
IS I M BRI T ARAPE ) SRR AR

BRI, KRIETER S5 AREET A LR
B RT3 i O 81 51 Py S B BN W o ey B 1 %
I, R TETEASR B RGNS S HHE MR )
BAE, NGBS T et in T . 3= sh
A SEREILR, SROE S A A IHA .
LTINSy AR AE ELARHL] 5 1A AR
ZE5E, HEBE T EENTitean . —FAfetmE
ARSI, XS AR R AR B 44 1T R SE B



778 IR

B OB #F

FHERERYE B RAT, DR O B XA 5 I AL
RS2 RN T BERY R AR (LG B 1 P
SCRPFISEEAR T

5 HHRE S M BEGEN AR EES
RAEK

KB FH AR K e ds 45 T3 R A LR
SR AT 2 G 5 S SR A AR 5 AR AL K,
IEANATSCATIAR, T N T M ik,
TR AT ARB K, BT AN TR ReSsb 5 2= &
FEFAR LHES, OB A HR 22 s 1 22
W TR AR 5T Ty TP 1 5 e S
M Ia Ko Hd, AW R e 240 2
5 INB R 5. B4 Geoffrey Hinton,
David E. Rumelhart A James L. McClelland = {3/} 5%
L AR T B SRR KR SR Y Kk A
THEETHR, AN, SRR SR T REZFR
ER RS IE N TR B RE SRR A Jg . X st
4% v 40 4% Tlya Sutskever ( Fif OPEN AL 1 Ji Bl 2%
%) 1 Ruslan Salakhutdinov ( Fij 37 5 AT sl ) 46
N TR RER A e B e VEAE TRy Tl 2935
3 F Neurotree ( Neurotree.org ) ™k Al = AW B 7
SR E M, RATBEE T = N EHEs AR |
A AR R R R IR, g gt
| Geoffrey Hinton $5 5 11 63 {1/ 2% 4=, James L.
McClelland 1) 26 13 %% 4 Fl David E. Rumelhart %) 11
PPN T GERRI, 7 64 NREAER S
HEVAFFE T AT (Hrp 10 ARBFHA
BHE AR |, 32 AfEERHE AR, Hrh
A —H I IE 2 ST B A IR A I 5L
TS AU AN BAHCHIBESY . X s ik
NG B R AP 2R, IRZ NGRS ARG
FINTARCHSE, BN TR MR A4, H
BRI UL, — AR A A T N S R85
W N TR BERRIE 7RIS 5 I S S S i Je i)
JrZ—

6 SESET

R 5 BT AR T KRR, RS
NI RTR S BAR AR ALRE ST, O N T RES

B — T G . AN S 3o R IR ALY A
SRR, H8 RIS L BRAA TR IR [ s R
B N TR e 7ETE 75 AL B U A 515 1)
RZ—. B, YUWANT LM LRDTLE, O
PR T EZ LSS, WAWAES T
N T M AN HERB R R, S RKIE 5 AR
PIZEBEARAL T IR SRS 5 VA SRR . LR, itk
AFAANE R KIE F A e B A A 3R 5 A —1
FEEAE, HRBIKRI T Z2BUMER &, BT
THENRFEERAR VL TR OIER, 1BF S0
e PRt TR &, O HLC B GE i A
H ARG & R s 4 s ik, HEsh T
TR SCRIEHOR B RRZEHE D . 5=, RiGERialYy
NG b3 F B LR e, R Bk
TN O 2 NS A S Be S T . A
FERNR G A HL A o S I ] A4 o5 it R H i AN
A, AFREREE I KRG SRR R a
EECCEMAE Y T AZRIEF I T AALE], e aE2
J T IE RN AR T R, NSRS SR ST
RIBH TR THLS . Jesanfel, AZEFKE
F A LG AR 2 [F R SO A SR, O HEAETE
I TALE S T B BURA B N TR RERY AR
KR JRPEHEING RS ERAE F 0 S0, TR
PRI B2 S G N T2 S8 4R 5 2 ARAL 7B 1 T HE
S NTERENIFERERE i, D) 2024 4R DURPyBE
27415 F Geoffrey Hinton 7], At f: LA T4 et
4, ARz T OMESE AR, WE
o FREE A T KA 1Y FARBESE . Hinton ML 3~
e N TR, —rm e 7N TR REm & UK
OO ERS I AN B0, T EE AR 5—
D7, A OB TR L T HHAE AT
RESU AT TAE; XM BRI T 25 2RHS AR T
ANTEREABATLE L.
A0, KRBT RBEN 5HES 7
ANZESCHIrh B O A BB AE DG . A SCHIAIAR
PR RGERAEAR TR IR LIS & B S B
filan, AEILTAERER SR 22 nie il
SEAVETR, NS0 38 A2 Al 32 LUITE 7 A 7
LG T R, AR B E A 5 RIS e,
N THBERG T EINIR BB SCUI R M
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HARW I T GEE S REI M RIE SRR, FEmii
PIEF AL W AR i B RA RS, X
SN T RETETE 7 U S ) — A E 2 5 A
N TR RETELE 5 A BRI S e kit Jig, 741
Fe T BRI T THOR R FH Ak, KIEF B
AU IFAE— BRI, e 2 D RS RHS IR
RE R DN SCRIEH AR ], BRI A
FAR IR —REAR R, (HXEHEM 20
i oA RIS BRI R DR R L AR
FERE ., 7E 20 2R, IANHLCHRS R R T —1R
AR T SOBERY . IR X R] SR 22 4 s AL R A 7
b | B S R T S i N 1 B Bl Y /15 SE N S = |
wRAE, HERE LSRRG, X — RV
PERFTE R Al AR A AR T B
WAL, N TR RER AR B BRI AR A B 1Y
HEAD, AT O | AR R T AR A
RN S (HARIE R, A YHTR
W E B O A YK, (M AR IE 2 U
JGE” SR8, RO HERZHE FssR, SA
I RRVCRAE N TR A RO 2E0E ., Rk
XEER)E, AN ARSL EALERAFTY, IF T
HR
KGR P AR OH = F TR e
e oy N R B iy i E 0 = W Ny B (1 DTN L=
RS AN TR RE AR, filan, BFFEE T LI Bl
DR, PPN TR e R A A
INZERAHIRES) (Aheretal, 2023 ) . B4k, OFR
SN 7 T AR AT e N TR e
AL R R, Marr (1982) #EHE B RGN =
MR, ARHEENE | RIS A YRS,
IR AN TR RBAETH AR AR 5L DL BAR R
YIRS AR 25 5, B A MR ny A
W, RSSO FRSE . AR E T, H A
WS 5N T R2EREZ, Kk, OREEREsE
BERAER RN TERARN LR, 5—HH, A
TR RN AL AT DR RO P22 oY . Ay S
FY, BRSSP T AR R AN AR ] A in
B0 1 R 9 N I EZY T B2 9 O 7 N B2 e e R i
R, ARA ST AT LAA N T4 e s Ay 3 1 JRE 3
H2OMERZOSE, I SEREFERT FLl

OHEBUE, A, NTERER)) Z N ARZ

BHLDBRA AT, BN, AT REXT AR

IR T o) SR [ 20 LA R e | RS B St 25 R

i b, NTRBEAEE = AL BT IPUT 3E R S

IFEER, MRITENR | OB EZ A AR

)55 3 LA B FER A RHC IR R a2 . X — &b

PRI PP Bt 2R K B A RHRE S LK

Berl e E BB R OCHE S , ARBIFSE AT AT N 8

AR Z AR BE DM, AT A BRI B A AR

iR A PN E S PR SR G I R S

Sk
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Abstract In recent years, large language models (LLMs) have made significant advancements. Through deep learning, LLMs have learned from vast
amounts of human language data and demonstrated human-like language understanding and generation abilities. Through techniques such as supervised
fine-tuning and reinforcement learning, LLMs can handle a variety of human tasks and generate text according to human intentions, marking a major
breakthrough in the field of artificial intelligence (AI). This paper reviews the development of LLMs, demonstrates their historical roots in psychology,
and highlights the critical role of interdisciplinary collaboration, offering insights for future research at the intersection of Al and psychology.

First, psychologists have played a foundational role in the development of artificial neural networks—the backbone of LLMs. Early
neuropsychologists such as Donald Hebb and psychologist Frank Rosenblatt focused on learning mechanisms within neural systems, thereby laying
the groundwork for machine learning. Long before the deep learning era, psychologists extensively used artificial neural networks to model human
cognition. Researchers such as James L. McClelland and David E. Rumelhart continuously refined network architectures to simulate language
processing, fostering deep integration between psychology and artificial neural networks. These contributions provided essential theoretical and
methodological foundations for the development of LLMs.

Second, the technique of word embeddings is central for enabling LLMs to understand language, and its development has benefited from
interdisciplinary collaboration among psychology, linguistics, and computer science. Word embedding technique enables abstract language to be
transformed into a form that computers can understand and process. Early psychological and linguistic research introduced the concept of distributed
representations of lexical semantics and developed initial quantitative methods. Psychologists later used large-scale corpora to construct high-
dimensional semantic vectors, advancing semantic representation techniques. Computer scientists, building on this foundation, implemented these ideas
via neural network-based embedding techniques capable of capturing contextual meaning. The evolution of lexical semantic representation methods
has facilitated the development of word embedding techniques, enabling the rapid and efficient processing of massive text corpora and contributing to
major breakthroughs in language-related Al

Third, the algorithms of LLMs and cognitive mechanisms of human language processing share several key characteristics, mainly in terms of
incremental processing, predictive ability, and dynamic attention allocation. Although the real-time processing, active prediction, and selective attention
mechanisms shaped by human biological evolution differ in specifics from the autoregressive generation, masked prediction, and self-attention
mechanisms used by LLMs, they exhibit a high degree of functional convergence. This convergence highlights the crucial role of language itself in the
development of Al The deep analogy between the two suggests that understanding the fundamental principles of language may be a vital pathway to
achieving general intelligence. Therefore, psychological research into language processing mechanisms could provide essential theoretical foundations
and practical guidance for the future development of Al

Finally, the development of LLMs has greatly benefited from interdisciplinary collaboration and academic legacy among researchers in fields
such as psychology and computer science. Whether in the advancement of artificial neural networks or the evolution of word embedding techniques,
progress has not only relied on technical innovations from Al researchers, but also on crucial theoretical support and methodological insights from
scholars in psychology and cognitive science. Moreover, these researchers have trained a new generation of scientists who continue to explore the
development of AT and LLMs. The intersection and academic inheritance between disciplines like computer science and psychology have become a
driving force behind Al research. Thus, the continuous efforts by generations of scientists in the field of language cognition are one of the key reasons
Al has achieved breakthroughs in this domain.

In conclusion, the major breakthroughs of Al within the field of language processing are not accidental, but rather the result of long-term
accumulation and collaborative efforts across multiple disciplines including computer science and psychology. This developmental trajectory offers
an important insight for researchers: deep interdisciplinary collaboration and long-term accumulation in fundamental disciplines are crucial. Future
research should emphasize on deep cross-disciplinary cooperation and fundamental studies, providing essential support for theoretical innovation,
technological advancement, and critical breakthroughs.

Key words large language models, psychology, interdisciplinary cooperation, language cognition, artificial neural networks



