782 DIERIE  Journal of Psychological Science 2025, 48 (4) : 1-10

s Bt-CRERPEMMFEESIRARIEX .

EE “,':\” & u%u :
DI SR Al HENLXT SR BE R R

s

;»(]] /%Q **1,2,3

(e IAE NI ZE R A 27 ) 5 R e 3 & IDG/ 2 RSURREIIFERT, Jbat, 100875)
(LRI 2 TR R a T L, JEat, 100875)
C LRSI N T A% 4 SIBPO ALt I B 0=, Jbat, 100875)

=

ALGMENIN FF2 AL LRSI REZ —, A X FOINEFTEEZ AR, IO INEA ) T AL ENL

XFFFIRNEL, SCRE SR T AL OB AT TR0 B AR, AT AL M U SR I S I R, AT TS
FOCTMEIIE AL EERAAY IS, FHE eI E 4y AU AN Pk 75 o e G55 FAR . ShBlpLl . A kRE
B 5 412547 R AR L] DU Z T T 1K OB BE T AT B0 57 A S B A . SCRRam ke O B2 DL A AT 33T

B, DA R L IS AR E R RERSE
XER ONTERE MEIXF OHEELE GEERE Al

1 5|

IAEk, N TAME (artificial intelligence, Al ) 4
ARIENAERE . B RE SO e 5 iU T
5% (Russell & Norvig, 2020), J 72 W H T BT
HE. SRl SEFZEE, AR T TR
REKER, BN, Al RGErTH T X R il A
Il ( Rajpurkar et al., 2017 ) AN 2EA: H 22> )
PRIXE( Mu et al.,, 2020 ), 48 R BRI PERE.

SR, AL PR AT T — FR 5 n] REAL BLXURS:
22 4= R] fBE ( Morris et al., 2023 ) , Hrf % AT fi
i ( Mehrabi et al., 2021 ) . Al & #% 16 ( Brundage et

[l

al, 2018 ) . Al SZHrIY M8 ik ( Davies, 2022 ) 2545
Hor AT SRR 24 5 AT H H AR TR SR, fin,
SR O DL DU) AT R ) 4 3 e ) RSP (Fabris et
al,, 2025) , KiEFHARIZEBRBCE T nl figh il
MR RNA CREVRESE, 2024) . Al RS
R FFR RITAEI R T AN D HAR 2 211
P E L)

TR T, ALMMEDIXSST (Al value alignment )
[7) A0 Ay AT A B 00K ) DG TR FE L AT A X XS
FEEG]T AL RS04 E S A SRS TR 5
M H Ar . D G B0 7 ) % Ji€ (Russell & Norvig,
2020) o R AWM EME 28, 245 H 5 3% W

* RS EIRHE AT 2030—E KW H (20212D0200500 ) | FEZ A ARRBREHE4: (32441109, 32271092, 32130045) . JbaiiifHEE K%
i (7241100001324005 ) A3 AN T REE K S SCH0 TR0 ( SKLAGI20240P06 ) (1% 1,

= ETAMEH : X, E-mail: Liuchao@bnu.edu.cn
DOI:10.16719/j.cnki.1671-6981.20250402



BEOWS H 0 R R

s DIBZRFSREE Al MBI FF B B R R T 783

ULEZIR, AT ATXELUOS AT HER E2 A ( Gabriel,
2020) o PH, ACHOME TREHORMELL S BB IE A
EWLXT5F, SIAD B AL B RERS X — ALY
KA

DBEAAE NI EFI W A 2 R S5 DT I A
KERABIOITE . XTI R T AISEERE Y
WNTERLH, F IS AR R BEHESY, R
TR e 2 B R AT (R O B
RARERS BhFRATH R N\ R 2 iR &R, BAE>
AUER FAER ISR, S HUR)Z R L S
TSNS

ARSCRGEE T AP TS R,
FLBE 10 B 5 T (A Bl TR T A B 2 S il
LI ATBHEMXT SRR 7R, R TR O
HIETIA ALGHERS SEOFFE B nl AT AR, i it
Bz 4 alfE HAS AN ROME R — 2N TR 6
AGRIEHTE R

2 Al MEXSFRITFF R IR S Bk E

2.1 Al M EDUXT 5 () A A
N T ARSI Norbert Wiener (1960 ) 7 i
ORI T AT AT, RATTA A
RHEBERE2MFE AT ELEE, 7 AL EW
X35 (Al value alignment ) F§ (2R —1> Al RS
() Bbr S o & s P i) BArk—3k, iS5z
INE I ENL . WA bR —2, RE S 3T
HAET TR R S R B AR T TR
#H— 2 (Gabriel, 2020), 15 Z AHXF Y “ARXF 557
(' misalignment ) IRASNZRH] T ALFAAER) 22X
CRXFFET JEAE ALl RE RN AT EANLE
EIMA RS FIT N, BMEAIRGEMAT, AR
St T RE I A0 AR AT R, il 350K
WA (Sietal, 2022) o “KXIFF7 BN
Al B Z RS RIR, A = AR (Ngo, 2020),
F TR AL CRXESET X AREEAE R, I
Wi AR Al HbR 5 A 80 B R AMEW—2, W
I ARSI AT BB 5 BRI AT S iR 1 fie
PRAAZ 0 [P
2.2 B AL ENT S50 2 i
AL BT E C 2 N AT BT FI IR0 £ FE X AL

PrAE % 55 [n AT T RE M E. BRishE
i HHA RN AT B EIL 550 4 BT
N2 5t 1 5k Ak 2= 2 (reinforcement learning from
human feedback, RLHF ) . ¥ [i1] 5 fk 2% >J (inverse
reinforcement learning, IRL) . Z£:3X Al ( constitutional
Al) %5, PR E . SEBLE . L. RFRJL
DTGB 433X LR 7

(1) HTAFERBRsRIA ] (reinforcement
learning from human feedback, RLHF )

RLHF s — i ixh A 26 0 #f B 5t 5 | A A A4k
RS, TR Al RGETE T AR T TH
i A2 (Christiano et al., 2017), %) RLHF
DLREE LG =P B: WO . Al R
517 R184% (Ouyangetal., 2022 ) .

ZOTEARONEE T N T 52 42 5l sR A 1
1, REE R IEIE RS WS, DOAE RS S
570 (41 ChatGPT ., Claude ) ") 7Z i Ff| ( OpenAlL,
2023 ) o FRIMTIZIT R A T BB S 7E TR A 2R
Jst, A m B, H AR RIA 5 25 5) 52 3|
D, A RE R ERSERT AR E, HENI %
A% B4 (Casperetal., 2023)

(2) ¥k~ 2] (inverse reinforcement learning,
IRL)

IRL & — M % 5847 g vh ot 9 7E H A
BB PR W, E T I ZRASE R 2% s AE W] — 3R
$55 SR UM {H — B 47 30 (Arora & Doshi, 2021).
IRL 3 7 A8 =R E L AR OREIT AL
J71% (feature matching ) R ANZAT R WA,
i KA B U AT R AERE T2 2] (Abbeel &
Ng, 2004 ) 5 QKM IRL 51 A f KM B 42 THE
Wreg ek, &M TAT AR ME— B LA 1Y 5 5t
(Alsaleh & Sayed, 2020); 3 U137 IRL WPKAT 0 H
B A J5 96 o0 A1, AABE 3 A 3 A A8 AN A o M
%5 [A] (Ramachandran & Amir, 2007), 1& It atE F,
Hadfield-Menell 55 A (2016) #& t BIpE 06 1] 55 1k 25 >

( cooperative IRL, CIRL ) , 5®¥#7E H bR A & H AT
T, ALRNGET 5 A2 B IS E L hAT

ZOTIE RS AEAS B & BAR R IE DL 2
P (B S I AR, JE PR, U HGE A Sh A
SR HAL S BRERZE BRI B



784 I

B OB #F

R SR UE M A PR, AT LeAn iRk
2 EMENIZE (Fuetal, 2018) .
(3) ZE#:2L AT ( constitutional AT )

FeER AL —Fh B 7R TR n s . sk

ALEH—Z R L . HA O BRI —4H

“TEIRIEI AR ARSI 25 LD DA R (AR
#i& (Baietal, 2022) o ZJTE AMAEB: OF
St £ e —4 ALTT A TS S 1o B
BN T RRA . RS R AT QRS ,
R e o e A S R T ) =IO Ra Y R e S A B 4
VA ST, I RN BRI SR,
PNIES S EDOE,

RS T RN T3, 8 7RI
A JENERSIHLEIE S T A — B S T R
[ B LA B X LA 35 N AR T o SR, FETRIXT
BRI R SCBOMI I BRI, S8 R U X
DI 56 A7 s AR s HR R A AR T &
TN, AEAED LA DL AR
2.3 Al Pr e S I A A% OBk AR

R ALIFSEH O AR 2R ok i ALME
WX SR, HPEBA FARFMET, ALY SFRIAL
IR EA L AT X 55 R I p B Aok A
AUPHE XS 55 A TE P R SR e — )
i fi# (reward hacking ) , 2l i 248 AL 4 4E
. RER A X R e A 1R B 5
5, BRI EA ZE A HhR. Flan, TR
CoastRunners 11, Al ZUWEE RER “Hay”
SEMUESS, MR AU e L EE, R %
Jh R Tl ( Clark & Amodei, 2016) , H =2 H
Frgl i1z 4k ( goal misgeneralization ) , & Y& 7E
RBTBL, AL Rl FLAE I ZRB B2 2],
FFA 3k LERILIU R FH BANE T A 2

T FIRMESRAEAE, AL TESEPRisf T i 28
RS T RIS TR, FEASE: (1) AU
TR 2L AT RG] g B R R i B R
KIAT R, SRJGE FH XA iR S g e iy H R

(Carlsmith, 2022) . (2) BRFEE: —LKIEF
B 2 O s MO A S AT s, ARk
Z)u (Bangetal,2023) . (3) HEWMERSY: AL R
SRl e Rk m FAF SR ERN T N, B

TEM A N B VIS KRAY2 ) ( Ouyang et al.,
2022) o (4) EIEAETH: Al REAER Y5
FRIIES, (HEW M2 E IR SIS R R
JEAEVEME (Phelps & Russell, 2023 )

AL B 55 R WO ARSI T AR sl R
WIt, MR S g ARA R ki )@, 2 e
FELURILT M : (1) AZERIBEAT IR A
BRAA B A A SCIE A R 22, X PRl 22 AE I 2R ]
fiEBk A1) 20K Glickman & Sharot, 2025 ).(2)
W EAR R A PR . SR/ AL RGP i
" BAGSE TRfl, MELAELSER AR Z 2R, £
A H B EIR R ( Gabriel, 2020) . (3)
NS R 2 4t TR 528, AL
TR VA () AT A BRI X LA 56 B4t 2 i 52 2
TS FIE M I X (Jiang et al., 2025) . (4) ZMEI
SREAN M F 5 VR R I DL S R X AL &R
ESS AN BBy e oat oy B e d | )R i3 =g L1

ZE TR, RS TR Be S A S BN (X 5
S s TR R, (A k2K
i S B T N RS WIUE % €7 T ) [N L S
X AR RO AL, V2R A AT 5=
TNV REST, [T AT XS 55 B AR 545 SR 1Y
FEA R PR . ISR AR S B — TR
AR IR, (CEERA AL S/ LU i AT ELIE
HAXT NG 0 B 55 N RE ). B LE AL
fif NISIETE, X5 AN BN, BN
K H S E R & .

3 MDLEFMHEFE Al MHEIXS 56

DI NIRRT S5 OB PR %O
BE, BT T RECTMEWIE ., R
5T, MOCERF A & 2 PRl AR (A LA
KGBAEYR I RE, ANUCE B T3 N ZEALHI A
B ANEMER AL RGEA, R AR R ALTT R
BRI REE . AT BZE T OB HE X T ALE
WX FE I — SRS K, TFRT T O BRI ST
563 AL EI 5T TRl fetE,

3.4 DHEFEFANE Al ERT RS 28

B Al RELEMEIZ AR ST, B e 2

ANEMER G G ENUE], ORR2E T4
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PET PGSR . — 2 M EWL RS B,
R ZS el et A0 5 A0 & R e R v g 2 ST
X AR 5 RS T8 R AT
TORTATERWT R OBALE], B EAMARTE EXHE B
PR AT A T R S TR

HI&E AT Bh T H AT AN “>91587 AR E
Hbr, EERET AUBHAR 2" MrEms
FFA NEMEI T TR, A MAHAH L PRI,
AATEEMGX AT R, SEEHOBEE B RE N Al
INERURS B i g S
311 B E LA A

OISR, AR IR TE B
BN, Z5HE . #E S S MY AL
AFE T ( Grusec & Hastings, 2006 ) o AJ LA =
ANJZ TR NS BRI R -

(1) #afbidfe

WL S o U R At S A R, FE A
JEHHE . R R B 5L R
FEAMRBR R R, A7 Bl s A B 25 %
AYE T X 47 5 R [ IN{EPRHE. Bandura 55
A (1977) B9FEE4 ST BEEHE L, ASRaE s ULgR A
NAT R B s R, STAAHR A A, AT (B
X FF R AR )k A D BB S 2 A A, BT
SER RUTIRTE AL M EARIE

(2) Nk

KD PSR R, AN EVRE L HIRE 7 /Y & SR
B b, B A SRR B 18k Sy B
WHEH, LB A A A I T X AR 5 22 i Y
SN, BEJG 2 KR R PR AL 2 3224 5358 10 B R
MIfEE ST (Piaget, 2013 ) o X 1hd I A A (BN
FMERAE . JFER sz, e e . Al
W AELOXT 55 Fh B FIME 38 [ 5 A 27 ) S Rk — JEL
H, AL ALERT 5 A0 E S A S ER LS,
{HIE QLA E A A IR T F B R A5ER T,
I RN T AT M EDULRT S5 T RE S A AT A5
RIS U E 1922 - S EOUE A — RN B,
SR LA R TR RE ) K 0 T A AR T B i A
RIPERE

(3) scferszm

WO EIR s BEARE TS0y 5, S0kt iR,

NEMERGEA A T 454 , WAL S22 5
B4 Schwartz (2012 ) AYIEA AR EBIEHEH T
I (AR, el AR R SCf
PR EM: . R RIRATESAT AUMEIXS SRR
BF, JCR AR ML anfe b, FRR AR LAAT &
NFEEAA A ISZ AT 5 R0, DU AT
2y, Haidt (2012) MYIEFEILAELEINIA Y, 1E1E
TR A A LA O T TR SRR DR S )
BAEARR S, FEREBER AL e 5 RRTE A7
TERELES . XUHITE AL ME N 5 h A fEAE—Fh
ME— TERf ELE FH AR, ATMELR 5 B4Rz 1L
(RS AT REAS U AR IR, AS[E] AT RGN E
XA B bRR % 5 N PSS DL E ST oA S &
W 5 A IRREA T A A (EIXT S5 R

AN, FEBAHARTFBAHBIT, AR
gl BESCurE A ZS[A], 40 Cheng S5 A
(2025 ) FEWFFEH BT TER T . S5 ERE A Tk
R T ANEANRKERBE L5 kA, g
Ref B RBAE LSS > 5k, W 2RI r B 1
FEEA AN, AR 8 A R
R, OREEFEIA N S AR 2 THERE, BB4Y ALY
Ke—ANIEW . TRRRE. AI2EIR CHARASRE” M
T B A T REEA T (U 5

ATE LA B U B 51—y, o)
— N AEE T YT S S LR
ALZ Al 5 AN ZEARSF B HIBr X i ae Bt —20
AR NIRRT BN T AL
3.1.2 AFEHWT

TE PR AN SAT Y S B RO
i, PR B RN AT A (B W 57 B
-9

“X R 4 B 7 (dual-process theory ) H
Greene FF N (2007) $2i4, A AFSBEFEHRE
MRGILFIRD): RG— A PRE . Btk 1E4IK3)
MIEMEES RS, RE NN, Bk, M0
B PSR 2R G0 . ORI I T ML AT #i1E
HEER: Y28 ALE I AU R 5
TR R, AT RE—hRER PG
BUKI, XOTRESE AL “AHEUAANATE 1ikeE,
HETT I 5 AFAT 2
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SR BT OB A JE, AT “BHR
G R TR, —m, RS
W IR HIWT SEWARG. YIRS
Wi~ 5 HERE R GEAUAO N B D T B T EE, SCUERE
GERW, DA AW R SEHERE R G0 ),
{5411 Bago H1 De Neys (2019 ) {EH58 52 (AN 7
far S AR, R AR AR R ) B ] PN L RE AR
DRI E R, J— i, B ds iz £ 2%
R T/ DR MOE TR IR B 5 i HeC an X il
FLAEMERITAE ) | IR X E R W LA
FEoIEEE I . A SN LA TR A IR

( Kahane, 2012) . >k HIANHIFH AR 0F5T t 32 B
TE PR WA 2 B — ik X B RS 5  ab B, T
JEH 2K X R 2 5 R 2 48 S SRR 25 2R
Bl4n FeldmanHall %A (2013 ) & B, {EAbHE J4iH
PEYRET, S5SNI R A X ( temporo-
parietal junction, TPJ ) {H 3385, TMIE P TTAI: K
JZ ( ventromedial prefrontal cortex, vmPFC ) 1% 1|y
R (F <y 3 e ) S IO 2 T P e RS o2
BAEYIMIK, X4 R, A B A
WrHA ZAEZ5 1, A ONAHER 51520 T,
WA THENRGE.

BT “WRGEHIL” S, A28 WA R

T T AR WAL EEALS] . #1140 Schein 1 Gray

(2018) #2HHAY “JCiEfERIE”  (theory of dyadic
morality ) , IZEEIN H—VIEAWEER T 9454 “hn
FH - EHT BRI, R ER 5 R
EIHE” FEE A WL rh i, X R L P
VS| Sy N R IS B T NG Y S = RS S e N
AT TR FREEAL ok AT S o 2 ) 55 458 A 4
BT HR I

IR EE SRR AT EXT AR At T H
o BT ZE AL RGBS TR0 (1432 5 4 3
MR, 2T NRIR PE S AL SIE B U
FLAEH . A8 AL R NS E R B X
BT RS RS RS — 5 RGN AL,
AR RE U R S G 3T  RE JA H
RGBS, XFhZ4ER . B LN SGEN
REJTRIBLE], A REHER AL 768 Zept 8 B g w]
VRS NG FE.

ZE L ATR, OB T AN EI B T
FIWHLEI AOBETE, b AL EXT S 34 T = 1
ISR R SR, RN XSS EE R AL AT A T
MRS TS, dfi—2 oo plER
IR E AT L SR
3.2 IR AL MMEDULXT 55 0 SE B AR

ARV IR Z TN ALY EILX 557
AN S SR NN E B LN 290 N ST
TE B ST R ZIE Ay Al RGN ST
RN TR FE” 3K — S5 m] U L BB AR T 5
WS, DL “FIMbATR” IR, 0B TE Al 5)
PR, INFIRE I 5 A S Ak Ty T R ML 14
SEHL.

3.2 T ALMEDIXS 5 H AR RS E

ALPHEDUXT 5 () — N RA B [RBAE T2 AL &R
GE N 0 AR B H TR B2 Y
FEIRE],  “What to align with” JfAE—AnT it
FECL AT THE g A, [ 205X — [ Fy
WA AR PR AIEIE (Awad et al,
2022) .

RIE, 2= AR T R MR BEMME” ( descriptive
ethical values ) ——H[J: EEATLLEMES . HHH 5
fEi NS ROM BT Yy SO A Ik (L T L ES O By f]
RERME? BRI — I BRI TSI R
AR W IE R N R 2558, i H
THLE R, tESHEE . SR ) S 2R LE] LR
FHEIP=4) ( Bonnefon et al., 2024 ) . Xk EeH WA
AL GIEE P BER I — W — 2k, AR
25, #an “Moral Machine” SE56 K AE T 200
ZANE FRRTE B 2h2 e 5 v i T TR W2 AR
fars T ANZETE R A e R S 30k 22 5% (Awad
etal, 2018) . IERANEL, OPEEWFFE AT LA —Ff
LI RARHLE], AW EFRATOCT AZEM AT A
Hlo

EAE BN, OB AR HOEXT “A
RIS wLF” R, A RE R IR EIE
MYERRTE TS, Ak, XA g - HET AGE
ARG, IEJE 2400 AL TR Z
D IRF AL BRI AT ok AL, R
o 7S TR DSR2 2 B ih 2 Ak B
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HH, BT EA A 2 3m i A ALY 55 HAs
PRAIL R A

3.2.2 OoBEAEXT ALMEDUXT SFAILH] I FE SR « LA
FiA T AL A 5]

AT Caltruism ) A AZERESS 0 (E Y S A
R, KL RREE . o SRR
GO E S ATl AT R G R I RIA
A 2 AL BN S AAZ O [ 2 —
ZHTDRE TR T, FEILTFLUF =85 .
Ho—, FMA AR NZEME AR ZR A% O Z AR,
PREL T IMATE TSR RN T 7B R A ) 25 i B
PERIRE ST, P T2 AV R TR E R R iR “fr
TEWXS 55K Wdetnz —; H, FHhAT R
PRSI R T EDOUE B anst 2 ia AL ).
TEFERIET Qg 2E ot S T ) DL 2335
Rt COnR e SRS RE L ) SF 2R,
REfS Al i R AN [R) 48 2 1) O BRE AL R AT X 55+
PN =, Rl T e OB . MR St
HEEPOAEE RS RRER, HE ALGEE
AT AT ALRA T AR E RS S

DAL IS 1K IR T R R S BLBIL AR . AN g
MU St A LR =210, ST anfrfE Al
g AR AR T A BEHL], T OB B
WX — I B s FEH .

(1) ZIWHLEZ T : R AN ZEHIKE) RS

B4 Al ZGEAE R T RE e Rl A T R HL
R AT A 2O R AR, 3 A S
VEE AL pREL. BRI, OPRAITTR R, AR
AT A SRR 2 LB S Ls], FfERT A
FH AT A R 25 A0 38 SR, W 25 A (2024) $2H “BhL
XGRS THEARRL, 5 I AR T B 2
0% (‘emotional empathy ) . PN 7E 8 £5 15 2 (moral
belief ) . Z4E45 L (reputation concern ) | FUl & 5

(‘expected reciprocity ) % Z B [HIRZ), A[E1EHE
TR 2 BB R SR . X HRRIRAT,
FE Al RS0 A HEE U 2 0 IR ZE /), shE Gt
TEAEA TR R T B — Bl R B MR RAE

Horr, 1 45 3L 19 (emotional empathy ) #% 1A
R R R BRI A T A A% 0 BR Bl 2 — . Batson

(2011) 484 “dng - Fflfis”  (empathy-altruism

hypothesis ) , AR A AT B0l v S
TELIT, o3P — P NTESIIL AR B, LI iR
H SRS o X AR DRI S PR B T 4R
PIVETTIR, R IC AR A A T A R L OB R
N AE AT AL —BLH], Zhang 55 A (2023) $2
th— T A AR T v, TENK 22 4% ( Spiking
Neural Network, SNN ) ZEF4 Hpfa st I &5 i %427
TEZEAI T W E AL T A Gh 2 R Ge ind —4% )
X kb2 P A R e 07, S AT 7RSI 25
WA RN RSN, IG5 HoR A 2317
M ERYE. o “IEang” HLdlS LA AL, AMATEA
P REHBIHLEEE, 38 W] RETE B = S ER2 i) i) 16 1 A
At “HEDIRIET AR, AT
PRI AT E . PISRARE I TR TR

(2) INHBEZ0m: T AL “OHH®” 5
FFRAE S

WHE “OPFHIE”  (theory of mind ) WA, A
KHATRMBAT i —A EEF L AR PR 1Y
12552, B O ERRS IR o X
— BRI N T oK, IRz B
IR R N ) U G R g vk = Y 9 LTS 2 3
e, JLEER RN OHEEISRE NS, HAMWIT A
St HmRe ) B 5T (Wellman, 2014 ) it
HEWr L IS LIRS 5 0BT R, MR S TEAt 2
T LRI BB AR ST .
A5, Tong 25 N (2024) 2, id AL (self-
imagination ) FI2& “.OBEBRIE” HEL, AL B0 7E Gk
Z W s S, A R AR T

E AL RGP T OFPRS” 51, MUAB)
T ZF R B S AT Rl e, S
RERSTRIE TRk 5 I8 i AL 5 sz
MG A TR b R R BRI

(3) #ArAEALZ . 7RSS IR R
FE R A b )

B T NTESH A S RAL S AL, O BRI I iR
PFESSFREERTRIMAT I SBIEAE T SR
PRttt AR SRR E R, TS ERE A2 B
BE BT g DALY . B4 W 58N (2024)
R IMAEAFTEAH & FRE IR A 208, MR
HATRE KB AR SR ST RN . Efferson 45
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A (2024) K IE S B ZFREARE b2 R AT
FOEAAAE R B R

B DB AR, SRt R T
A KRR, TR TSR R
WhE R SCibiE e e dss i, TR E R
5t al LM ERAb AT O A B S Ak
( Boyd & Richerson, 2009 ) .,

ik, 78 Al RGevcit, NI AZR AR E
SEASREHLE, W, EEBIIEE, i
AL TEARWIEE B P I A7 A 23 5 R S RHA RIS .
DRI AT LA AE E AT AL . B R G
KEG MR, el ALZ L NGRS
B, RS B TE— R PR SR R R VC AL . AT A

BEER

S{TAfwEF

(why)

BEARISE
(how)
l

s
(when/where)

(X SF IR R A AR S A, A PR
Pt HAE AR E At A 5 e

i Lk, CEa] LGE A UM ER AR AL fi
(EXSFF AR (1) - FEHARZTE, (OB st
UEREFE AT LI AT B EULRT 57 H AR AL A S,
HBhXS 5T Hbrrysh 5. sz m, alfgih A
KL FEFRBAIEN. AL IWZ TN RS, il Al
W20 ket 7EINRIRE T 210, W] AR Hs A2
TETEHB b B AR RE 254 e AL ROAHIRE
B HAEEFIWA T 2 ( A ictZ
OHPEREN ) o fEA MR, R AT
AR FEER, BB A 20
B, it AL H g A AR AE B k2 fi ] o

1 DI Al MEMIFH UEREE

SR, B TLOIA R AT N SF5m
P ARSI ANNTERLR], i AT BB EHI W ALE
TEP RS A PR T SRR TS e, TR A
ANPEACH AT R . by TSP AT B RE %
s VFRELL AL EDMAF & A EMAY 470"
MR RIS W AR B

4 HZit5RE

AT S EIRS T AR LA, Rz A
RN B EHIBALE] . Mo B %, AT LU

ST T AR AZSSIHL, iR AT R G0RE AR B Y
KR, LETRIE A ST R, MR AT
HNEMEWRI RS (Blazek et al., 2024 ) . A,
AR T D HETE HARRE . shi g, INEE
NS4t S A YA T 1D AT A (E X 55 19 T
[ ZE

T AR, ORI AL RZS G ROAZE NG
PR HLRITE R R RS2, — 5T, SR B
SEHNSTE AT 4R R T LR, g anosiA Al
TGV SRR T AL RS ETHEEZ T, 5
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—J7 I, AR A MG 1 SC B AT
AR, e e RO
G, AIMHES OIS TE AL BT BN
BT BRI, AORWFFEN SRR AR I 1]

(1) E AT S 2 SO O (B D Rl e
NG5 N AL R G S AE Rl P8 n] 3l A A
EHSHERE. (2) SIAZRAZEDIAN (andtf, 75
. HES) M AIMZITTNEIREI RS, i
PN R UMM . (3) IniE AL RSEA
HBESRE, SIA CTo T L KA
LRI, (RS SRR AT LA A
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Abstract  In recent years, the field of artificial intelligence (AI) has witnessed unprecedented growth, characterized by major advancements in
cognitive intelligence, perceptual processing, and decision-making capabilities. These technological breakthroughs have driven the widespread
adoption of Al systems across a wide range of sectors, including healthcare, education, finance, and transportation. As a result, Al has become
instrumental in improving operational efficiency, enhancing accuracy, and fostering innovation. There is little doubt that such developments have
significantly boosted human productivity and convenience.

However, the increasing sophistication and autonomy of Al technologies have also introduced a variety of societal risks and ethical concerns.
Among the most pressing of these are challenges related to Al safety and the alignment of Al behavior with human values. For instance, Al systems
have been found to perpetuate bias in recruitment decisions, produce offensive or harmful content during interactions with users, and even pose
existential threats in high-stakes domains such as autonomous weapons. These examples reflect growing anxieties about the potential misalignment
between Al behavior and the ethical principles upheld by human societies. If left unaddressed, such misalignment could lead to consequences that
undermine social trust and moral norms.

In response to these challenges, the concept of Al value alignment has emerged as a central concern within the broader field of Al safety
research. Al value alignment refers to the development of Al systems whose goals, behaviors, and decision-making processes are consistent with the
values, preferences, and ethical standards of individuals or society as a whole. Technically, several value alignment methodologies have been proposed,
including reinforcement learning from human feedback (RLHF), inverse reinforcement learning (IRL), and constitutional Al. These approaches aim
to incorporate normative constraints into the training process, thereby steering Al systems toward behavior that is both desirable and predictable.
While promising in many respects, such methods face significant limitations. In particular, aligned Al systems often exhibit reduced adaptability when
faced with novel scenarios and suffer from poor interpretability, making it difficult to trace or understand the reasoning behind their decisions. These
limitations highlight the insufficiency of a purely engineering-driven approach and suggest the necessity of incorporating broader, interdisciplinary
perspectives.

One promising approach is to integrate insights from psychology, the scientific study of human behavior, cognition, and moral reasoning, into
the research and development of Al value alignment. Psychological theories provide robust conceptual tools for understanding how humans construct
values, make moral judgments, and resolve ethical dilemmas in complex social contexts. Rather than designing Al systems that merely replicate the
surface-level patterns of human behavior, these insights can inform architectures that embody internal mechanisms analogous to those involved in
human moral cognition. Thus, true value alignment requires more than behavioral mimicry; it demands a form of cognitive and ethical compatibility
between artificial agents and the human mind, particularly in terms of value judgment and moral decision-making processes.

This paper explores how psychological science can contribute to advancing Al value alignment. It reviews core psychological theories
concerning the formation of moral values, dual-process models of moral reasoning, and the roles of emotion and social context in ethical decision-
making. Building on these foundations, we propose conceptual frameworks that include the construction of a unified moral cognitive space capable
of integrating diverse human values, and the development of dual-system moral architectures that emulate the interaction between intuitive and
deliberative reasoning in human moral cognition. To ground these ideas in practice, we use altruistic behavior—a central and complex moral
phenomenon—as a case study, examining how its psychological underpinnings could be modeled in Al systems to promote socially aligned decision-
making.

By bridging Al safety research with psychological theory, this work seeks to support the development of more interpretable, robust, and ethically
aware Al systems. Such interdisciplinary integration is not only timely, but also essential to ensure that the evolution of Al technologies remains
aligned with the fundamental values of human society.

Key words artificial intelligence, Al value alignment, value alignment, theory of mind, moral decision-making, altruism



