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PR O HAZ 5 R4, KRR AR 23t B 19 2
BT (Ui i AT BRAEAEAR ) | 1 45 s " L K
LLMs 40T “ 3677 " il oA T2 TS N2 . AHA
IXAE—Fh LLMs A1 25 Bois 405 5, i T 50 A Bl i
A B s I g R P AR LLMs I 5 2%
ARG E P+ 1 ARG PP R0 5 G701 2 A
PRSI, RASE Y ] BE 23 7 AR T M P & A9 [ B . 3
— 7 T EORAE 250 Bl 5 K — B LLMs 1
RSB PP 7k L 55— J5 T BER A R A 5 vk 15t
T AE LLM S AR 28 B i M 0 BIL A A 3 2
F RLA

AR RAGE TRUAR 1] RE Y BLAR 28 [ A TR, 36 0
PG B A S TR S HE R AR AT o TN IR 2
B A B LN, LLM S0E BT T LB X P 3 i 16
SRRV SR , I AL AR BRI AT, B O i8R
i AN IR 75 5, I AT B T A 2R B PR R (o]
IS RV 28 B A 20, G R I 8 AR
PO TR AF A 7 1) I 2 B, O A R LA 2 50
L, AR O TR 4% O AL 25 T AL A T A e A TR
25 IR RE I BEAh , P A Bt 2 RO R AR
R 24 AL PRAE ) O H Bk AR o T R A A P
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RO, AT RIOSE AR R R AT X B0 A R I
LRk I P R AR RS R R B A5
BH SR 7S, v DU SRR R R B I 25 B A
FAR RS A AT RE T

4 ERERAEREECEZTHNA

41 REEFAFHEEOEZFERENERF BN
o

15 260 Bz op IR PP 2 58 A 25 RS
AL FRAGE R Y —Fh i H TR AL G ) Bt gy
Bt SR i I ] F 4, {H LLMs A7 5 K1Y SC
A BUFNG3HT RE 7, o R 0 B A ) 4 1 AR
A B4k 73 A KA B T4 e B B A BT RCR
I BEXT A AR A 28 RS A TR R S S FPEAS

R T AL 5 R AR L RE 7 AT LA T 2R s
OB R) A LA ()R Bt A o i T
KA Y0 B2 RO 28 27 STk vh 22 >, ROE 5 BEARLAR
Pada7R (prompt) , Bt HAT — & B AL Z FEPE Y ]
RN 5 Z 0 B B BRI, DA bR G b ek A
2R ARG & A AR IR AR L,
LLMs #E47 [7) 5 A2 AN SE I %80, 30 RE S 30 B 22 4F
TRt , 24 B A& N R R pe e filan, & ge )
BB AT 2 R B MO 26 U R AT E | T
LLMs 7] LA 55 J 14 BRF 8] A A= i B AT I 7 7 14 T
B o TR R I8 1) B B R, BEAR N D A
HEAh , LLMs 0] D12z o] Z2 sl E s ik 7 5, 2R
I FEARRY ), 52 e [R) 4 1 e 5 | S PEAL , S
Pk Z 5. LLMs AT DUAR 9 1 1) [0 25 2 25 A
B 5 S R, SR B R S B . MR AR B
(R 28 RS RN ] AR 2, T A ST I 8 8% 4t v 1) 4 1Y)
ARNES 10, Kjell SF“HR5) T ChatGPT 7.0 HRYT
IO R BRIl TR — RN R b AT IR IR, 2
REW OB 1N T BEHOARA BORE O B FEDEAl A
1L GE P73 i R A2 S G I AR 1E S 5SS ia Y)
T Gotz FIF R T —DET GPT-2 1YL B &
i A= i 4% (psychometric item generator, PIG) , & 75 K
BRI U AT R PG Rt R . TORS
PR T B TR 75 $27R , PIG ] AR il 38, JTAE
SR IS YR 09 SR AR S B KT
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LLMs if /] LU T A sl B e e 1) 45 5000
i A AT ) 2 Y 124, LLMs 7T DL [ sl A B DR 4L
B, 0 Bk O R s A [ 2 B e B B . LLMs
REAE X [) 45 540 AT 25 HU0) 5 432 .l iR
Bl i [m1 22 B 16 25 , LLMs AT DL H 3l 1230 45 R AS
[ 1 I, s AR AR TSR DT B X B
IAE LR B WAL . BRI Al LUAR 45 1A
R AT e o A, AR U SC R i T R E R . i
W SCORBARIT A SRS HE R, I (E FriEZE A
BSR4 O s T B )1 R T E T
4.2 BREEREEN BT EETRAESPRIF R

R

Z A K 7 AR (multimodal large language
models , MLLMs ) & T 4F A 4L 1 — A H Y BIFFE FA
HA b 32 Fh RV A (I SCA (& 5 545
FORE 377, MLLMs HAT PR 1A 1l 2 B SR HUEL
P B9 RE ST, DT ¢ B BN 52 2= AT 55, A0k T SCAR A=
PR A B TR A R o [R]85 A5 BIESEARaE
X He i - EG B I 25 (contrastive language—image
pretraining, CLIP) Z2 A5 25 I A vh H AT 55 Al AR A
M Z B TT, T Hak AL 0 R 1 25 i) #2200
A LA 2577 B0k B Emotion CLIP XA FH R 22
o P KAl BV AT DA T TR RNl T T ST A O v 1
JEERAET, Te OBl U, 1 25 5256 B TE 7T A
AR AN 2 TRy AR . S TR 2 B
o4, SCEG AT 55 18 T A R4 4 2R RO R
MLLMs A7 Z A5 HoHe b BE5 A L RE L 7T A= i
23S R RO R, LS A S50t 3 51 8 4% o 1
g . RS RBERIAT DLd i SOARSF Z2 KA R 67K
A AL AN SOAS | TR A A A HL A I 28 1k B4
PORPRL. BN, 7Eis 2 S rp  BIE SN B AT LR A —
A A1 R B SCAR , 22 ORI ] L i A=
AR 2K A TR FR AP SEROA BRI 4 . 2SR
A T LA 8 1S P R Tk A i 2 B0 PEAR Y
RFATRE . 385 7 Bl D s o A s i, A
AS KT AT DA A st 5 e A 28 R 5
AR AR B SR B MR R E . 2R R
ALY AT LIRS AL A 1 B2 A SR S, Y BIBIESE A 0
BT SIS o G, AEAFF R AF 45 0 T A8 1 O 1]
I, Z2 RS RS R AT LA AR A ) 1 58 A F R
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WFFE N DL AT DORE AR Sy 58 1 X6 R, ) RS Y
AR AR TEAT 0 A 4R .l I WA BB TR AN
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5 4R

B RS R ) A SR RE R T, LA T B T
G R (AT Y B 17 4% 20 B FIBR AR BE T, 4 1N
o B2 A JEE SR DA AR R ) 195 TR REOK S o — T
T , v B2 51 22 LA RSB g T 58 %0 G 10 15 2% 0 B 22 B
FEH B, LR R 5 465 R0 {6 B AR 23 A0 00 Fr) 4k
085 73— 5 T, R RS IR Sy 15 S0 B 2 AR F 5 T
H, LR BUA NN A D B2 P Tk o it
B, BT P B AUSsR F) RO PR 3 0, Foa g
FIBI A DX PR 28 345 B S B ST RU R 39, A1
MIT AR o PR — T, X5 T80 B Rl S8k D
DL A TR A S TE R 2 B2 M o AR SR A FERE 3
EREOHZER THRIBER R R 2L
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Emotional intelligence of large language models and its psychological
applications

WU Haiyan', HE Cuilin', QU Youzhi®*, LIU Quanying™
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2. Department of Biomedical Engineering, Southern University of Science and Technology, Shenzhen 518055, China

Abstract This article discusses the possibility for large language models (LLMs) to develop emotional intelligence and the
applications of emotional LLMs in psychology. We introduce ways to evaluate the emotional intelligence level of LLMs from a
psychological perspective. We begin by defining human emotional intelligence and discussing the history of LLMs’ development. We
highlight that the focus of research of LLMs has been on optimizing their performance in natural language processing tasks, such as
text understanding and generation, while neglecting the ability to identify, understand, and express emotions. Although LLMs excel in
language processing they still have limitations in comprehending and generating emotional texts. To address this, we argue for the
necessity of conducting comprehensive assessments of the emotional intelligence level of LLMs. From a psychological standpoint, we
summarize existing work on evaluating the emotional intelligence of LLMs and advocate for psychology to consider LLMs as a new
research subject, particularly in emotional and moral aspects. Furthermore, we explore the important role of LLMs as tools for
studying emotional psychology in the new era from the perspective of emotional cognitive science.

Keywords emotional intelligence; large language model; multidimensional social cognitive ability; emotional psychology
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