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A survey of techniques for realizing personality expression in
large language models

CHALI Chunlei'?, GE Zhichao', YIN Min?, WANG Zheng’®, LIAN Boyi', TU Xiaoyang'
(1. State Key Laboratory of CAD & CG, Zhejiang University, Hangzhou 310027, China; 2. Yangtze River Delta Smart Oasis Innova-
tion Center, Zhejiang University, Jiaxing 314100, China; 3. School of Management, Zhejiang University, Hangzhou 310058, China)

Abstract: Personality expression in Large Language Models (LLMs) has emerged as a key direction in human—com-
puter interaction research. Enabling machines to exhibit uniquely human-like expressiveness remains a significant chal-
lenge in the LLM domain. In recent years, the application of pre-training, fine-tuning, and agent-based collaboration
techniques has matured to the point where LLMs can adopt role-specific personalities tailored to diverse scenario and
task requirements. Whether through carefully curated training datasets at the input stage, parameter-level adaptations
within the model, or external agents and workflows around the model, personality expression in LLMs can be achieved.
This paper provides a comprehensive review of the current state and future trends of personality expression in LLMs. On
one hand, it examines techniques for extracting and simulating personality traits; on the other, it explores methods for
controlling and aligning model personality. By analyzing and summarizing these approaches, we discuss the develop-
mental directions of personality-driven LLM research.

Keywords: large language models; personality expression in large language models; personality assessment; personal-
ity generation; digital persona; natural language processing; role-playing; personality alignment
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Table 1 Taxonomy of personality realization techniques in large language models

M XL A e A AT A
ETAPRER | AR BIPOR XA AT PR A
HCEI SR CHUE) R WS

BB BUAE DRI Bor i TR B CF ) B R O T 0L T

HAR L &1 S EUR SRR IENS, (0 RIS B AR AT B

AT Wil AR B RSP OTIENECR T ), DL RECIER  AFRXTFIETE . ASIA T,
izt GRIATFM) PSRRI, oI A 2T T4 AR

1) T A 073 285 ) SRR, il
Ao Xt FH P A A P9 AT R A0 AR 23 A AR I B
SEIAMEAL SCA A S B AR I 5 i T
P P R 2 R, AT A w10 R S B 5
JURH R A PR

2) BRI R AR BN PR 2R, A5 A A GI0M | 2
7 i) TR A58 Al 2 2] 9605 1, BN T AR R A A
B AR AR E AR BT . X T IE AR
PR TR 1 2 s [l sl ke SR AL, A2 20

iR R JS R ST ER AN SR

3) HEUEXT S A, 8 S M AR Y RS T
R 2R SR, 51 ST A AT 5 4 E S IR
FR %A A o XTI SR IE S K Y Al I
55—k, il R UL S s, SRR S
R PR R i 3Rk

2 KREFHRAABMEEIT &
FRANTE - S AE (RHDERSE ) J i, AR 1L



o552 1

SRR, S RIE B AR AL R R S B R £33k +323

W REE W R A AN Bk AR i P AR
Xof T8 R BEAA 5 W) ) 17 B 1 5 B DL L A
A RN, o 52 B AR AR AR 19 2R3k (4] 2 5L 35
) ELIZA, SHRDLU)!", S48 5 AR mli+ 43 i
B, KRBT RE R M AE O A L
i ELA RS R AR RE T R PR . Bl H AR
TS AL FRIR B 27 ] BRI A e, ¥ 2 B TR
MR BT, A BTz R B0 R e AR A X s A
WA Z A R R, AR LAY RE 7, XIS
B RE AR RE % X AF R S R BT I 28 A SRR M AT
FANEFNE AL, DT S A0 A v b A A0 R A
WIEHEE S ORISR KB TER K .
VT AR SR, KiE & A K H W ] GPT., DeepSeek.,
Claude 45, i 157 BEIARE S TE 45 K A2 55t T i
T ARG F 2, I T AR IR T Y B0 HE 4L
5L A AR LR AR R AE 4 IS 5 B T
IR AR A A 45 R AR AL 5 X 5
3T, R RTE AR S AL 3k 1Y 52 BT
HATERIR
2.1 ANMSHFERENS il # By

A TR G303 s X6 I IR R A AR
ARSI IRAT 55 2 4 B A, BLIRR G e
B 52 BRI 2% 20 AR A PR AR RR AR (R T A%
Myers Briggs Type Indicator. Dominance Influence
Steadiness Conscientiousness 17 A X% 55), JF7E 11
NN IR AU P 3 5 XU L ke SR A 1) 54
N A -, M S B S A AR i B A B X
0 58 HAA S 5 e 55 S AR B RO RIE
B AR FEAE U AN i, 32 2008 i SCAR g i
AR AT VR, A0 T R A O N2
ANTA) 6 1y AR 22 5B, At A AR R s b T P A
A ] 0 K 22 5, DA S 1 B+ R S AR T P A A%
TN 26 SO A X SR T SO A R AE
PRI AR, e R SCAC Lb A UK BEDY, AT DL
1) o BCE ) B, ol DLAR S B AR TR R AL By
2, 23 R B 1] £ 98 38 AL A8 45 380 A= i) i A
Fik B0, HR ST S AR A [A) 1 B R B AR TR Y
HETT
2.1.1 @ EALR I = )2

T T SCA I RS R AE £ ORI 50 45035, 1) [m]
it (word embedding) 7&K 0 5 115 5 5 B i AL T
THEARE 20D REN Y . RN BT 3 SR LI-
WC(linguistic inquiry and word count) T.H., i 1+ /0>
PRTE 5 2 ) O SOA HEAT AL AT, SR O B
RS CIIE T RAE, JF45 G 0 A (an 32+

] 42 B, FDFR DL 3 45 ) Sk i R A S
R BEAE TREE 2= D BOR AR, pFR# I 1R
18] 0] 2 5 %, W (GloVe(word to vector, global
vectors for word representation) 55 ) 5| A A& Tl AT
5 o 1K BTy A A ) S A g 4 ) A (]
AR P R 1 ] 1Y) 52 A0 COG AR, DT I 35 1 ik
TR SCA IS TE SRR T -

I AR5 A TR BRI 3 AT 55 e ) &2
gy T U AR, A A5 XA A A R T (4 ) 15 4
) T B AR A AL A HERf AL o BTSN P B
G SRR BT, I B A [ 2 R A TR [
T S ] [ a2 T A5 AU DK A ) v 22 ) 1
A, BE A LT UE R SIE LKA,
Y B S5 X B A SCAS T 9 A il R SO RIR, JF
HedJa R 2R AR w . B, B THX—5
A R E A AT T NSRRI T Y 25 {E )
W98 H sl ALk #: 2 . 417E RoBERTa(ro-
bustly optimized BERT approach) 5 ALBERT(a lite
BERT) AL 1A R o (151 1), 55 — 20
BRUREE IR 25 0 i o8 LS oA 128 4R Rl R R, T
P WU HL PO 5 SO RRAE o i S e YO pR AR,
41 ReLU(rectified linear unit) 3% 5 4F 2k 4 2R 15 e
1, i — M )2 NPKE X — v R 3R 7 B 46 XoF
I T RN 2 B 1Y) 3% S5 41, S22 ook 1Y
[l A

(CHEFIE enm )
i

(rreLsy, s, #IL, R, W', ELSE, [SEP]] )
[

RoBERTa ALBERT

[ 1794 BPE 50 000 ] /( 30 0004 F iRl )\

1) iR
( BhAHERY ) (@&ﬁAm%ﬁ%%)
EEEE
DoEO0O0OOEOO anE
OEOOOEOOOE EEEE
DOoOoEOOEO00O0 EEEE|=
EEEE
ooooEO0OEOO mEEE
OECOODOO0O0OED EEEE
DOooEOECEOQN UL
) I F (SOP)
(Rt NsP itk e ) i) T[] — b
\_ ) \(aEmsyerr )
] ]
| 2 RLMEE | | 2 BLEE |
1] L]
(0] C E A N [6) C E A N

0.7910.3210.31|0.88 | 0.06 0.880.3310.29]0.79 | 0.04

B1 AEEEREEF&EERZER
Fig. 1 Architecture of the personality trait regression
model!”




©324 - /O A

F 218

2,12 GJEBAFHEF )

i) ) g AGE T R U) Jk mT LA SE JORS ) 1 750
DU AR AR BT, AF X SCAS B8 b R ) 559, i A7) B
A FIALAS 2 2T 1 7 20T ATR RN — Bk o A
A (sentence embedding) RJ DLW 58 4 m) -, 4 b
— K R BUE I . 40 Distil-RoBERTa!"!
Rk NN SISO T S TR QERES - WIE |
1y, L IRS7 ) ) e o RE A B I 1 U P i B 22

S (1% 2), #A R B A— 2 L= 2800 MLP
(multi-layer perceptron), [A]ff il i A 7E 11 1
R NARAEE L IbR2E, SEE 2 m) IR T )7 51 4]
“F 4125 (sequential sentence classification, SSC), X
Tl 45 5 NAR IR G 20 J5 vk, vl LR T4 e
Yo BIANAE H 228 34tk rhr, 3 0t 2 58 Be AR
27 2D IE G AR S B, U B DA [] 225 ik XL
6, AT TR iz A g 1,

B2 ABREHSAHARLHIERRSER

Fig.2 Sentence-embedding-based personalized feature extraction and modeling

R TR UEAE B2 AR I — T2 5, F
I8 B WAL A 7k, i an ] DLAE B A A
A A —~ UserID X Fh 4¢84 i7] JC (token), M 74
A A G- e 5 3147 B fe A, AR (Transformer)
PRI 272 > B« SCATR: )= P ) /i 28 B, A
A A 4t G 320 R R, SEBL T X AR AL R IR
R,

Kit & BA AL 0y A J& J7 ), A 3
¥ LIWC TR, 1454 AR TH 5 Ak 3 i B i m)
i A Brim A SRk, 8 S 0 v A A 3K
[ NS R AE A B2 B, 0 05T e N A AR IR B R
v, Ji) [|] 3= 5 (W0 BERT ., Word2Vec) i 1 1) i
Gt A S B AR R T SO, H AR A AR 1] e 4

50 SR 1) 5 T ) B A T % (0 DistilRoBERTa

Sentence-BERT) il i I " 3C g ith b BEA SCA 1) 1
ST, AT AR AR 4R HUE XRS5 B AL
PRI BB AR, TR) ) o SR AR SO R AR 7 BT, gk
AL MBS A . AEIA VI 2% —H 4
G (1 3), ke th 25 555 aa vk, 24 A
SRR VN IR T

SCARTIAL 3
TR, 43in
N
' N\
i) i) 45t B
Ty AJT y
T A AIBHIRA
{n: BERT-base . {n: DistilIROBERTa
Word2 Vec R =3 YN
1]
! — [ oy mrRsl
FHPAPERFERR IR, i ! i
JAS ID a1 [a72 [a73)
+ <s>§ <5> <g>§ <s><5> §<5>

[ DistiiRoBERTa |
<s>* <g> <s>* <g><g> *<s>

[ #id | | #id || #id |

v (R

'
R R
T MLP/Transformer

[mLP] [MLP]| [MLP ]

A [y ] [M ] [Y,
N
el | Adrriesm |
N~ i

B3 AmERaHNGAELT X
Fig.3 Personalized modeling method based on word em-

beddings and sentence embeddings



24 SRR, S RIE B AR AL R R S B R £33k ©325-

22 EEPARLIEERAR

B T W2k LAAN, AR AT DL 2 i o o 4
WA bR E R, XRRI SR T R R A, X
— 3o T2 H AR FS M HOR (fine-tune), B Q42
B ) e A 55 5l , TR AL T A S
B SHEERME, RE BRI — /NS
B, SRR | AN S5, K
T 3K PR AL B8 B 3o T s A, R ZE 4R N A
RURAE 5/ s # 7 n) TR SR O 3k iy
82 5| SRR N ; 258 REAR PME 1T DL R 4t 42
MO, B 2R B AT S . AR L, M

AR AZ O 7 TR T R BT AR A0 T TR, O o b 2
WO RE T I — e AT 55 sl Bk, ol o Ak 3
LR TR

T AR PR RE T RO ETAR T, 7EA
R BIX — Ly N PR B (0, PR 5 BOR AT AR
Ja A T B0 555 315400 0 S BT P S
55 A 5] T ORGSR (18] 4) APl
Fe 1 TUASE A S B2 B s (] S BN R O A
A, J5 2 W e AR R T e T AR T ] 4 5
B g, O fil S YR SR S 4

8 wrar |

] 7
Fi R

R e

BRI
(U209

RS HRA
(ONiZ'a)

1

% THRS ’

9B o |

il

FLE} LRIk

I R

B4 BB ABUREHNBEIMBIFR T E

Fig. 4 Internal and external regulation methods for model personalization expression

22.1 AR AF

TEARARY PN BB S B0 AR A6 i 4, B9 08 R
FH G 8 1T S Bt 4 5 202 B0 K 55 O
£, CPED (Chinese personalized and emotional dia-
logue) ZHli U SR 4L T RS 15 25 5 A& bR r
SCiE AL, MDPE(multimodal deception dataset with
personality and emotional characteristics) £ #5 ££!")
AR T 2 B0 A DU rh i AR R AR A, T
PRODIGy %44l £E (profile-based dialogue generation
dataset)!"*! W) =2 45 22 4 BE FH P & 0 A\ {5 B 2
}4, CC2PC(chit-chat to persona-chat) FE 22 412 [ 1 i
P e 3 S HLAT A2 12 B % 1 Bl SE 1), I R AR
FARIYI 2%, HaRT #2%Y (human-aware recurrent
Transformer)™" 3 1+ 4t 5 WA %) T I 2 K i 4, 42
T T XF AR BN RE ) o AR SR AA AR 1)
3 H R A, — M S XIS £ b 3l
CHLSEAR HE R, 8 TR A IR v H IR
Z AR AR g S KRB A ik i, iz A
SRIE T HEFE (natural language inference) i 1% HH 5
LS 0 AR 32 B v 7 DGR P e R L A

Jir s 478 58 55 00 S 47 2 2L (R A B S A2 P,
i AR G B S SCASIE O I SR A, 3K Bl A
RUTE A WG 7 S B2 8 = B AL (& 5).

X DA 2 T AT B Tk, e
S g A2 S ABEHY  AAR R I, (B T A D AT
BRI O I 1, e T RO B AR | AR,
i T A% H o GPT3.5, Claude 3.7, &AL 5545
R B, 1h A B ny Aws R BT 8T, 3A o
5% 2 2K FHH0R 75 7%, PersonaPK T(persona-based
parameter-efficient knowledge transfer)?®' i i S 4§
1o R SR, AR D S BOE B ) S R S
ke — B4R U, FES5H 5 HLEZ I MIR-
ACLEP?(multiple personal attributes control within
latent-space energy-based models) F V& %5 0] g & A=
R, SEPRAE 2 A% S PEFE ], DLVGen (dual latent
variable generator)®! Fl| I XU7E AR B 0, 76 A
W K A5 B A1 B0 R A2 S X 35, Orcal®! 55
RoleCraft-GLM 1 JI| 3 T 45 4 f il S s, A & 17
LA N A A €8 B R IR 2 T 1Y) £ 0 0y TR
W ERT T E TR RS — B



2 & ¥ i F21 %

[Ny

© 326+ E

Q)

| play the guitar a bit.

A NN
i yr o
By the way, what are you ﬁﬁﬁﬁ*ﬁﬂi Tﬁg/ﬁ(‘;ﬁ/ﬂig $@3§ % @Ym
° interested n? B R ik 48
X‘J‘ I'm into music and watchin ﬁ @*%ETE Hx
iﬁ movies. ¢ Q o
ZT_\‘ Do you play any instru- —
ffﬁﬂ mems?p a

E
NLI fiiisk st
- F
e
(M E+
: i
:,1’“‘*' %)
I

ML BEYLRAE, FI NLIBR R R 5 FCIHR 2 Neutral ™ XC R 5 1

i A A
W FLA AN
PR ik,
gL,
G H
LIRS R E PN
et N e
BRI JELA R AN PIE RS S
b0 R

RZH L ARG RS A AL MR (T2, BUSIRIEE R, DA SE30 2 — B g AR 13535

B 5 Xz AEURAMIER TG

Fig. 5 Illustrative framework for enabling personality expression in models

MNEA s el VA 1, D REARET
1 B LoRA(low-rank adaptation) 5% b £ ¥, JUH:
FERBE NG B R TP 5 751 . LoRA fEN
— S BE R R (parameter-efficient fine-tun-
ing, PEFT) J5 %, HAZ.O AR FE VR 45 Kol = 1A
Ji b AR B[], 1] 451> Transformer J2 i A
AT 25 AR R R o, DT B Rl 20 T I 25 1) 2 4K
KA, Shi %528 38 1 LoRA T 5 19 3 Rl A (J5
R s | SR | 0 S B, SR [ —
FERHAL A R U 2 2 M A, RS S
GPT-4 FT 73 19 77 2o R 45 BY 0 f €5 40 T BB T o
DPG(dynamic personality generation)??”)| PsychAd-
apter™! 73 Ji N 2544 Sl A5 14 L B8 24 e 5 43 )2 2%
A A B K, a0 B A FE S I AR B
SR S A . Hoh DPG 2R LT O Y
e, T R A R AR S BOE 4, R
FHOSLR B I 48 4844, 38 3 GPT-4 3 A1 e A X ik
e S ERIEARIC T, VI 2547 2 88 Y 2% A Al i
w28, 1 LLM REARE /) (0 BOE Sh A B A% R
IAMEE . T PsychAdapter W) G1#r M M 78 45 75U 2R A4
FRRE A O SRR Sy A B, Gl TP R 4R YT
JERIH, 35 2 ARV 4 | O BRI RRFE R 5 A
481t 2 R AT 4 )2 Rl G, (85 i i 12 AR fig

sz DB S SRR

S TR SR, A5 TR PR S A S A R 4 A ST
L A 1 S A A S R B AN I A 2 1 S ik
b A O S RO AR AT Y
PAEE . EIX— i AR T ARSI o i A 3R
RN P NS R (EVSE AT R S T e L e
S BRI 7 1% (K] 6), XAkl w AT 3 IR

B, (AR T 2 (9 B >f 18 B8 T ZR s A
ISR, A S 1 5 O AR ARAE 55

FEUR, NGk T A SCAR PP 51 A6 AL o i 1Y
RIMRERL, B2 — SR R A, I i —
ABUE, R SR & N o i R 2, XA
LIRS 1R gE s Al o2 A Uil 2k BOCH 2, A
PUAg S BR A AT 5 A AL RIS SO . IR
Ja, Ik bas I B, 7 s Aoz T HES 75 22
TE SCIRZSZS18] L SR 2 [] | SRS ok BORT A L PR
RS2 Ay A ¥ 5 B 23 A, Sl 2 )R Ay i)
RERY token(RI KIS 46 H A9 3], M ELPR KRS & T %
Jil A Y (1 i RS 23R, T A AR 45 e IR
R IBCREE S (R, SRS bR BORE R 280
AR AR, ERIE AR L~ —13h
P (token), LA R AL SRR Jah, A T 52 B X A 7
MBI T K o



24 SRR, S RIE B AR AL R R S B R £33k ©327-

-

B+ AAE A iA]
: (x,p)

'
RIS 5 AR LA S
Bt R o) o
ﬂbase (ylxs P) Ty (y‘x’ P) g
A R 22
min(rl(e)Al’ rc]ip(H)Ax)
L
KL#E (Kullback-Leibler divergence)fEST : /b
~BDx1(oase VI, Py (VIX, P)) U/

B6 HEABUEBULFEIBFRA

Fig. 6 Reinforcement learning fine-tuning techniques for model personification
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Table 2 Prompt word method to guide model personality expression

SN CIVIRES NK&AES5 A3 Y€l E S SCHRA IR
BN W E R S SN S A AR SR R eddit [32]
AN [F) AR B 7R AR BN 25 NEE G+ [33]
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i RGN iR A A1 Az MR [35]
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(role/system/contextual prompting) BRI E | S He R [37]
i B AL AR R T 4 AT Az [38]
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PRI AR R TS | LLM AR Jf 01 3 NEGVEEER [42]
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Table 3 Role of agent personality in model persona
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Fig. 7 Persona expression through multi-agent collaboration
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Fig. 8 Persona expression of the agent
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Table 4 Personality assessment paradigms
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PN e Tn emotionality (e), extraversion (x), agreeableness (a), conscientiousness
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(personality traits)
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