4 %ﬁi XXXX

T =) W48 EL 5 R AT Y AR R AR 5T 4R L

fERI, Egese’, KWm2, RET, 7'
(1. REEERFIHEINESRE E2A2FIR, T B 065201;
2. RAEEREKFNEIAERSEFR, M B3 065201)

7 E: MEESEAEARMIE KR, AR RS B S ARENRIEMEEG . BT %
FAG BRI SR, S X TG SURMRFE, EGEE o iR I BB RS Bk )
75 TR AR JRI PR D A, S U AR R A A 34 8 T D % B R R A3 . AR SC R G MR ZFIR T I 4% B
FAR AR 1R e SO AR, IR T 2% B 5 A8 AR B Rl . SR 5 4 R S A A

JAE R it SN I UE . IREEE USRI P @ VE . RS 55 00 R % DL 5
T T EEROANE, HFRERME T EROT TR S W HEOEE . @I X i 5 S AT, e T AR
HARBEERAE A RINGE Sy 15 L FRIKRE )5 CE0E SR8 S5 TR 3 . ea, AR SCIR IR 7 2470
WG OSBRSSO E N R A FE R IA R 2V IE SR G 5 EEESE O
M RIE BT SR S RO E A DA PPN A R AR HEAL S R, IR AT SO SRR . B G—
fif NN SR R SR HE R AT S R R I DA K B A VP s A g 5 7 TH N AR SR 7 T I AR T e
B, LS SR B R A — R K AR

KRR LGRS SRR AR BMR KIBF RN, BRSNS

FESES: TP391.1

SCRKFRERD :

doi: 10.11959/j.issn.1000-0801.

A Review of Event Detection Techniques for Online Public
Opinion Monitoring

CHENG Gang', XIA Jingjing', DAI Lili*, WU Yongfei', YANG Liu'
1. School of Computer and Information Security, University of Emergency Management, Langfang, Hebei: 065 201,
China
2. Emergency Culture Communication and Law School, University of Emergency Management, Langfang, Hebei:
065201, China.

W EHE: 2026-08-09; fEEBHA: 2026-08-30

BIE1EE: W, lilydai 1987@163.com

HEGWE: WA 2B R T I IRE “Er’if“% TS RS ML 28 3 T v 5 MR (20240315005 [ 5K B AL 464
RHIH (4237720005 WALE BARIFRETBIBE (D2025508013)

Foundation Items: Social Science Development Research Project of Hebei Province: “Research on Urban Language Planning in He-
bei Province for Emergency Language Services” (No.202403150) , The National Natural Science Foundation of China (No.
42377200), The Natural Science Foundation of Hebei Province, China (N0.D2025508013)



iﬂ%

1

REL I PR A PR A e, 4R 28 ) 22 ot &

X

Abstract: With the rapid development of social media technology, social media has become an important platform for
the dissemination of social information and the expression of public opinion. Because this type of information often
comes in short texts with a lot of noise, which is different from traditional text, the limitations of traditional public
opinion analysis methods in event detection, evolution tracking, and authenticity judgment have become increasingly
apparent. As a result, event detection technology is increasingly being applied in the field of online public opinion per-
ception. This article systematically reviews the development and research progress of online public opinion event de-
tection technology, focusing on key aspects such as the basics of online public opinion and social media data, classifi-
cation of event detection tasks and lifecycle theory, statistical and traditional machine learning methods, deep seman-
tic and temporal modeling methods, multi-source information and relationship modeling methods, as well as large
models and open learning methods. It also systematically outlines mainstream evaluation metrics and common datas-
ets. Through comparative analysis and literature review, this paper demonstrates the advantages of different technical
approaches in event discovery, semantic representation, and open-domain adaptability. Finally, The article delves into
current key challenges, including insufficient ability to detect unknown events in dynamic open environments, diffi-
culties in fusing multi-source heterogeneous information and cross-modal semantic alignment, reliability and efficient
deployment bottlenecks of large language models, and standardization of evaluation systems. It also offers construc-
tive prospects for future research in areas like continuous perception in an open world, unified multimodal understand-
ing, knowledge-enhanced causal reasoning, efficient and trustworthy large model detection, and dynamic evaluation
system construction. The research results can provide a new perspective on public opinion.

Key words: online public opinion, Event Detection, Social media, Large language model, Multimodal fusion
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MRS, CFREDEE IR SEERE, &
SR, O A A A A A R
312 EAEAHFMHRER

F A 5 AR SR T R N R T SR - 3 -
TV 18] R 2R A ok REGE UILHIC R, it
T B 2 ST SRS A I s R R A, 5
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0 R SORH R )AL A8 AR SO AR BE 5 R o AT
o AT TR K TTE, S T7 LR T4
S5 200 1] S A P S %) 1 SCZH RS 3 R AL G
7, BAKIRRESEE, JCHIE S RO A AR
R RE . SR BIIRE A . Li Hang!™ &
4 %]iA 7 LDA (Latent Dirichlet Allocation, 7T
KA e B ) AR B, @i A R AR
43 EM 5 J7 15 S SO — 3 B — 1A 2 [B) A A 3R
B, o LU BN RS R ) EE A LAY
LDA BB 1 2 NS AE B RUR & AR 1T
A 3 RS B AN [ 9 15 44 R — o R 3R 40 A A
T A SR AR 2 [ AR R R, 5K
XS SOV AETE LA H B K. HIBE MR
ARG R TR IR A -

P(w, 2,0, dla. f)=P(0la) ﬁP(zn O)P(walzn, §) (2D
n=1

A, w, RSB n ANAE; z, Ron TG
S I B 9 S KT s o SO R R 0 2 A A
A, R A A B A a B
I3 A F TR A A ARNE A A B I S5 N3R
TN OCR R ENE R . B A T SO B 3 S
B, A] DK 4E R B S O IR 4EE R,
N B A SRR A R

SAY YADI 51 JE b 5 S A 56§ 3] S4B A4
HOCHRR X 2%, A8 B A DRGNSk R 4y SRR,
SEHALAZ AR TG I B A RN S R R . BT RTAEAS
K SCAE SRR IR A, WU 281 TSCTM =
S SON PG STHE SR, Jd s T SRR AR b 2 2] A
R SCAR R AT, S HESCS R CARE
TR AR R F
313 BEaEL5TEHAA

B O3 8 5 B MR ) D7 i A BN AR
HEM RS B BRESHERE, MECANE. P
1T NSNS BARIREE M5 Z JERFAE, N SR or Ry
PLSE P BELAE SRR 2R . (5 B RN R E K
PERTE B A . AT TR B T, ST

5 7853 I AR EAS J2.57 21 AN [ 2800 22 18] 7 20 S
ik, A 53 FKE B AN AT A5 1t R 0 O 1 E A B R A
B B, JCHEH T RSN R E
o FLSEVE R ST S5, I ] D I 4% B4 R 1
{5 AR (A R 4% . CASTILLO 2517 5 L
B3 Twitter (5 B 05 BETF 40 B0 98, A& A~
BRAT N CARNE . IS 2 28F THRHME,
SEI RS AR A SC A0 2, HER R AR E TR 70%
-80%. MA S5t LA V8 5 46 I 77 i 2 A 22
T SRR BE S TR AR AR AN A, B 2 T
B AR T B AR AR AR T, R SN2
FH P B A% 3 AR R SRR AE % A 9 ) 8] 32 3145 5 I
INUARLE, TEFR IR RO 5 1B LT A A i v
BRI, HARVE AR R B A& B R
ft /1. ZUBIAGA MR G B T A2 Ak &
Rl e R, R E S BEE. 5L
W BSHEFINIRFAES, DL apLas
5 ) AE R AR B R 0 A Y S B T K A% . WU
28OV kA4 435 i TR AIE 1 42 05 92 20T B A R 5
IR IR, $2H B S SVM 45 & TR & 40 25 8%,
FEAE SURFAESEAM B — P m AL f i, 78
PR B R4 A 91.3% B KRR, H
RE% 10 VE = 12 376 9] 301 24 /N P DA 88% K BLAS &
56 R R

gi b, Gt 5EGNLEs S I TR T
K] 24 BELA AT DU BHE 9 X R B, HE A
ik 1 e N N 2 /L E AN 1 D s o o f A D W& 2
AR AL R, SEIAETE A RIS R .
MBI R, %M BT VRS R T FER
DU N TR0 B 2 ) £ B B Bh 2 B A8, FF N
Ja G T IRE RN E T IE R E T B &Ll .
SR, TSR TV R BEO N TV HRRAE, %
A ETRICE X B ORI DL K s A AL fR it
T2 1) 220 6 B8 77 A7 PR, 7 T 4 A8 SRR R 858 R JIASE
o KA A RT SIS Ak ) OHE 7 SR I A AE B B A
JE o AT EE N B I LU A [R) A% 48 5 VR AR AR SR
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TN AL AN o7 R 2 S, AR SONAR
R G S AR 2 2 TR T 1 a9 A4
GERE D,

32 REBXSHFREESLE

321 BAREMEFAPE W L%

& B & W 4% (Convolutional Neural Net-
work, CNN) i i &) #5852 B 5 B S AL,
FERFFEARS BRI AR T, A Zah s m A&
o SR AR R, O 2 B TR 2R

BRI R P55 i 38455 . CNNIEH
BUZ LR R a5 R 4L BRUR T i 5

JRARRFHER I, Ak 2 P PR ARRS AR 4 B - 334 58
RS MR, AR 58 R 2 (1 7 FE BN AT
%o BRUZ R IR UL AR AT R
ci=fW-Xiizn+b) 3
b RN BRI BRI S i AN RFAE MU {E
WREBREMESE, X RS E
P2 i+ h B R ARAFAE R R, A OB ARE RN, b
NIMEIL f() AR
RMERGE R K, H I 2 RS AR
B, BERIRERSIZ L S ST N K T R R S
B ONEAFRIR AT RO IE S A

Kim 3 61 ¥ 42 HH S A% CNIN 1) 743 KR

B O ] 1) B 2R SCA S/ 1 S B, AN
T T L X 2% EE R AR I TR BT L 1 R SRS B
SR 55 BT S AR BOR . RON JA 8 CNN U T4t

AL SO S EREZE . ONIN K BRI A5
JRIERSCARE SC, BTGV S A EEL GG i AN ) 95 22 P IS

FPACH, DRIk 2 BB A0 5NAJE PP 28 0 2% figh 1 B
175 BN A5 T A R A i)

FAAT ML, A WA B AR S T
SR FEREAY, PR B R BRI A RRS A, A
SIS [B] 22 SCAAFEAE 58 B SCHOE,  CNNBhAZ AR 2]
BAZR SUAS (RS O DA 2] 1 BRI e AL A B i A
2 M 2% (Recurrent Neural Network, RNN) A

HARAR BN I B @Az 0 T R . HAZz0 AR
se M A TG B 5 P SR A I R A BOR 1 BE
AR FORA T B R AT R RN -

hi=f WV ox,+ Wih,_1 +b) (4)
A, x RoRE NI TR RN SORKFE: A, 3R
N YT Z BREOIRAS T gAY 1 A E S
By b Ron B RDE I D SORES s w AW,
43 AR A AT SR SEODR 78 0T S PR AN R O
bFRIRMBE T fO)FRRAEL MRS R . Wi EE
FECIRAS FE I A ZE (R 38 JA 508, RNN BEREH 2L
AR A R 21 () B STRAg R &R, N FAT

1 BTG O SHEGH ST STHME R AT AL
TR R BB HHE 05 33 e ST
FRMM Kleinberg ZRKs  MITAHCRIE P B WAL T-IDF. S PR3, iFSA AR DLIEAR ST A U6 ALARIL,
WP AN RIS WA A RTRR R, AR SRR S
MBI, B HMIORI i ar HER R i
BEIERPEA
HIBUEDD FESB BRI, BTSRRI i, TE-IDF. FS MUMAHIRI, & BT RIAFE, SmFehe
RT SPHERAT O RMGEMERAGE  MEE AKHENREGE  EUZREANE  E. BER
A ST R Z
i
MM LDAM, KRR W CRSA T SR AR ROLE A U XSO R & A A
DRk BRI, LM L@ B F, BMEESGE ERE R BT
g Hi
B TwiterwflE  REASN. CAW SR, AP AKMRRGE. W RHETERAR. B RS0
Tk 4 BHEARSIGATIS . (IRE R IR SUREBRAAI %
RSB, G, T
SVM BRI KR SCoRi 4K
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R Fa o3 K R LY e A U 4 4 AR

MA 25918 ol RNN T g s, [
B % S AR T BN SCGRIE, A GiETF L
FEAERERAAE R R PR, 75 FCS iR I 0 £ E R
A THB AL LA ) VR S AR . &tk s
WA T R AL T 5 1, MA ZE0THR ]
F BT R PR IS A2 I 2, s S ]
2. BRZFALEE, %S R E R &
BB GUOZD Rl & WA LSTM J2 2 4 i
SHAZER N, #E HSA-BLSTM M 4%, 73
ERE X ARE LSRR EER, R
PRAA VR 5 RO BE
322 E& A5 Transformer

£ 40 RNN A7 75 K FE B B PR 5 2k . AT
WA BT BB, Vaswani 20742 L 5g 4 3
T E R I ) Transformer 4244, 1Y) JiC 45 720G
WEBREEM, @ FEEINH ST E T
HOANF B 2 R R ERFR B, SR 4 R K R 0
SURIARRE . Hodh,  EERHLRDE D T A
i) & (Query) . ## ] & (Key) M 1H o] &
(Value) Z [AJBAH M, XN T F13EAT 20 25 0
B HAZ O ISR RN -

T
Attention(Q, K, V)= soft max ( oK W (5
dy

Kb, Ov K Vsl RonEmsE FE . B AE PEAE
Kb, diRontEKREH QMM ERRNYEE . 1%
I3 B TR B0 BOEAT 480 1 e N AR 4G
R FEE A GATE . W EARAE 2
8] )V % )R E,  Transformer BEG% ) A3 3 S0 A
HHOCHEE B IR, A SR AR SR8 BA X 28 4 R it
JE S PR 1

TR 1) ok A8 A i A A I S e
FURH 2 SCFVFR” X — I B S
PR, LU 5 LICHR Y GCAN B A7 7 77
W&, BRA BRBIRHESCOUARR RS ik A6 7k

e AR GBO RS RE S = WAL I N VAR 3 D
S IRVER) OB, 7 L SEHESCHR R B3R
AT TE 16% R HAERR 22, AN Refs
Az RS AT R (R AR o R B TR
TR RV 5 R A AN e A “ I SRR E FH
T 20 P S 0] 52 BN i 2R R X — 2 i i
JB R, KHOO %42 i 1 2% v 7% A7 4
PLAN, #|H] Transformer % SkiF & 77 AL 2 A5 4
IR R B R R, JEE— Rt Ei ik
HE R )RR StA-PLAN - (Flt & o U5 0 &5 44015 5D
5595 54 TR - 5 VE & 1A /K StA-HITPLAN - Gl
A MY BIER IR TR, £ PHEME.
Twitter15/Twitter16 % 45 & | 35 8 Bk O S A5
B, HE S JIBCE R AR S 1 P SRR 2 T
SR SE AR R . MA 5 GAON it — 5 5
FERTE R AT ek, R TR E A
FEIBAEA 1 S5 K 5 STRRAE 2208 A0 4N
FEATIERR I, T E LSS o 20 i 4 v (]
LA HAL, Rt R 5584 Transformer 15
B, @b H R IALE RS R R s
THESI 315 2, 7E Twitter 5 PHEME %4 48
R SEBRAIE 1% 07 VA RE SRR SRS E PR T S A
WA RE o
3.2.3 B XV 4iEE AR

TR G515 5 B 8 AR KR To AR SO B
o) BN SCE XFOR, IR R AR S5 S S 3
FA K ERORN LR SR EES . D
BERT Y43 (141 ) sC T I 25 1 5 B A0 DA
05 5 BRI O TN GMTE S, 8 AL Rk
BNFEH R s, IR AR R SCE
TOUI A JEE A 1], NI 2 SR JE XA SR AE,
ERNE A CIE VAR

Lyim=— A%logp(x,- [Xwr) (6)

X, MEBERBEREE G A BES: xR
55 A7 B B SR s X R BRI S 1
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N . BN, A RE S 7 4 R B
N OUE B ) SCARE SRR, S B
RS LA RO

TR ZR AL 7] Transformer 155 41 45 £ ¥ 538 FH S
AR TR S 1538 FIE = 50, B Al s il 252
U ERAEAT S5, KR PR AR AL A S I SO AR SR
% 7 K [ 22 M5 0 B . DEVLIN 25142 1}y BERT,
RS IE S @A X B CERR, Y
S on B 2 e H 2 R T fORDE AL B 4 2R RS A
Al AR S5, fE GLUE. SQuAD % 11
T NLP Bt EHUS I i g . SR, 18 4
SCFYI 25 1F) BERT Mt LA 78 43 38 i 41 58 2 1 o5 i 1
AL 15 = KM . MULLER %6442 1 COVID-
Twitter-BERT (CT-BERT), £ K#H COVID-19
HERFIE R X BERT 4k Fi)I 25, A5 Y 5] 15 9%
M A A ARG G 5 R R AN
i 4 L s R ¥, CT-BERT #H # BERT-
LARGE HUf5 10%-30% B PEREFE A+, HAEFVE H
PRATUIR K b A b 3 25 A . 3

BB TR FE 22 I BOAR IR B, 4 B ARG
BT AR N TR TR 7 2 e R 3 i)
H B iE XRRE] . BRAMNS ., EHHE
X 26 DA I Transformer 5515 784 6 % 38 ot oy 1) i 2% =)
77 2 E S R SO R R E S R AR A K
PERSORHRR R, AT T 2 I BB IR F4
RAERE ). Hob, TNZE S — 0 T

AR M EH AT 55 2 2 >0 Tn) 0 FH A SRR A gk
Y H 2% S SR K AT A Re Az AP Re . SR,
AN AR PEAR R AE 1R SCEEARRE /0. I P15 B A 3k D
Bt B BIR T R T A R 22 5. ARGk
TR PR SCEEAR T VE I R ek 4, I LA A [m] A Y
FE W) 248 BELUE AR AL 25 i RE RS R IR, AR
MBRFGER A% 0o WL B I FH 280 R 55 7 T AT A
g (FENER2)
33 ZREEESXRABERE
33.1 B RAFAERRS

W 2% BELIG HAEA S T AN 2, &
oA FRPAT N HERES . RS L
VS A5 Borh, B SOARRAE A DL SCH¥ 4 1A
Ale ik, FEAEAUEIE IR Z URERLE, DR
HEUI AL ZiESE . EEAUR IR (G B
OER. HA R RRA:

H=oW,H+W,H,+W,H,+Db) D

A, H RO SORTE SURMIEs H, s A7 %
fE, BFEHPEE. ZHXRL LS H5EEE
B HRREETHP — R — 3k R B
GERIRFIE: Wi Woun Wy ok RN RIS FEAE
XN RS FE R b RN B I o) R ARGt
WOE R I A R R YR BT B B
BB S5 G B AT A . LRI DL R H
170K, SEINER — SURBR i 1) 22 4E S AFROR
(AR o

®2 ETREZFINMEEFEHEQNF AR

PaRr 3l R AL FEA FARA AFAE 1) RN
CNN 7%k Text-CNNP RGBS SIRTY] SR, FHERIU Sz KEEERBEE  SORE 2
HRIE S K fit
RNN/ RNNBY Tree- BWSCRTFIIERE  SORHRTE] BRI R KPR, B, 3
LSTM J7i% RNNET I ¥ 44K 3652 751 ITRESIAN 2 LRl
BiLSTM"*!

Attention GCAN WIEEER LA SOR+H P R CENE R P2 Wk C A SR oA A8k s
72 FCAE KR HERE 1 W
Transformer ~ PLAN . Tree- BETHER MRS KB BRI, TR SEONELR, RS TR R

J7iE transformer'®” JATE KR ATEARL e J19¢ EN= M|
T Zriss BERT®*!, CT- I NG RRIEN WEA  BERAESCRE GRS SRR EiEs . F
LIRS BERT!*I%% SRR INBET] e R 5
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AFYOUNI 2519 2 g i B 1 44 22 A4 1) v
ZHHIE. 215, ZREGEMEMNERER,
ML YRS AR T G — S HTHESE . SHU 25101
P EA H P RAT N VR AL S5 B
HT AT i, BOAE 7 AEAS BN B B R
S FR G 25 7E F o NAN ST 6 36 7 [R] 47 0, 5L s
AR o0 AT 22 7 n) /L, 2 H MDFEND 22 450808
I THEM 2%, FlG TSR 25 5 SCARE SIS 38 H
BN . ZHU 85— 4R g2 5 S 2
B2 GUSAESE, BRE @A S seie 5 I s
TCAZFFAE 27 fff 15 SR A 20 A I A% 1] /. HAN
LT AN SR R ML A . R T SO
e EREZRGEESRM-2RRR, #IE
SIS RAERS )T . REN 2570V xo 3 27 B 43
KR, 32 H UC (SED)AH et 5] T4
P2 SIHESE, 3T Dempster-Shafer RS @l & 2 #1
BIIEHE, A S R IE S 7 it fe
332 H#HEXA5BR%

AT AR B AE BAE R P AR R YRR AT
L HAT RER T RULEE M S RIE. B
M2 4% (Graph Neural Network, GNN) i i
W AUANH B AR IEALE R G ARG R, BRE EEI
Al 5 2V, fel 4 2o S e s S0t
WA RR AR QBT ST AAR A A AT
e R A SRR N:

. A
A= a(W(l)u ;N(v)m) (8
Ao, WOFRRE R A AR R NO)
TR A VA EE S WORREIRNMNG S
. @I RAEET AEE, GNNEEE I HF
[B] PR 22 HLOG R ANME AL RS L0, AT 1 5 0SB %
B AL P A ) A e

BIAN 25 H 30 i) [ 345 B 2% Bi-GCN, 43
R EEVE S ) B EAE R R AL, XA
TR AL TR ST B s, R IRk
{2 B8R VL 3 RAE% 2] . WEILE VY3 14 EBGCN

135 DL RGN 4, IS R IR A AL 1
KAPRIREE . AfhEEER, ShmidEEk
&R RRAE, LA BI0E S AR . YANG
ALV 5 A 2 5T 1 B B ) 222 o A0 T T A A
BE, A R O T, S BR TG O AE B
A, OIRTHERORZ AL BE ) 5T R . JIN 25070
THI [ RS 2038 S HE 2 AR R ERG , Wh e 3 a X
TEE A E 2, RBLIEYE R A OE X R, SEE
JEL 45T AR M 1Y A R R . MIN 25077
P S AT A R4 A 57 T ] 402K, $2 HH PSIN
SRR, B E A Sk, A
P8 AR 22 SN0 A A8 AR T B iR 4R, fR ok
& 238 M BRI AL AS 2 Il
333 4RIk L 4K A AR

BALIARHSCAS A A% 25 M ME DL IX 4 S 2R
AR, FlE 0 0 R B ] e o SR S SR B
WA AT G, T B 5 . DUNDY
3 KAN FF BRI 4, X 55 37 E s
PRGN B, BT U SEAR Y B TR
WHSAEE, TR ORI S S 58 A
JE . HU 257 48 CompareNet 5 #4) B VE 2 /1 W
2%, KR IE S A 3 A A SR T, R B
VB S A 5 TR PE ARV SR SR AR, e SR — i
B B AEAS B . ZHUANG 25 B4R 401107 43 8 =
4 5% 22 JBUAE 22 OntoEnhance, i 5] N FH A
A R Y AR AR o A E R OR, IR AU
a=wal e IGHE L SR SN T A
PRI PR RS FHA LR IR e
334 ZAESWHRALR

R DR A RS RS B
REECHT A R A LR, B3 4H T 2R
A — R R HESE, WM. SO, &
L6 IR E B PVRHESE I BB RRAE X 5% LA
KRS HIHRNS SRS S 2 RIS
HEWE, HDLEE T BRI B IS BAS HALEI N
B, FEIR T AN RS AR 2 8] IR0 55 5 A 43 i
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AR, AR SRR 2R 2 RIS U R AR I T
B — BT A A

YT AL A AR BRAE DL S A2 S A
BAE, B—UABEEEREGURLR, 28
DA FARE L B S . BRIEAS B A
A BERHERE, SEREW. b REHECEE
Tt B B

WANG 2581382 tH EANN 04 5% 470 41 28 1 45
AR -EMG 2 SRR S, S N A
AR B HA R RHE, F B A8 R R A,
PR B R Kk 2 A BCOE E Iz R T .
KHATTAR 25213 1 Z 45748 4y [ 4 B 4% MVAE
OB ERAE X, A o R TE S R
R A . WU 2R 1 MCAN £ 8245 b
[FE R I 2%, BSOS b BB AS TR AR Ok
o, A A RROREAE P B R 1013 B 1R
ZHENG 2543 th MFAN £ 10 25 7 11 489 38 93 7% )
Mg, F—RbE XA W ER . e/ =
e RSy AL S (T 1 R o vl S35 N 8 K R
SCHL L B SR S A I . CHEN 25547
CAFE B 45 B S22 S HE SR, EEISURESE X
S8, BIE NS RS S RS RIE, AR
SCAG B R T BRI IR R B ) . WANG
SISO H COOLANT PR A 0f L2 STHESE, S@it

LS BRI

R

FRER

V-feat E

o r'_':.:; E ==

K= - e NE

B SO 55 0 b2 ) iR AL S RS SRR, P TRERR )
SIS RS- T 2 A RRAE R & 2R

BE AR S R P HAT R S
A DL B A B AW s, B Al oA
T SCF IR A SRR 7 ¥ 320 7 M DA 2 S 4%
W PR TR ek, W7 I ih i
FORR. R RS LA E R EL
FERMER, FadEMEmsE. ZEES/mE L
FFNR R S A A . XK
e M PR 2. 5 MR B 2 A 4 P 220 I 2
AE,  TEBE TS WU P R0 8 53 A 7R g e ik 7 T e B
BRI . (H5RRR, 2 Y545 Sk & ik
A A A R R DL AN O SR 5 45 i)
Ao N R G AN ] 9% R BB VA I AR s 0
KBRS, A STX A KRB AT B A
W3
34 KEBEBERWFEIFGE
341 ARKKIEZTHR

AT B R AL i R R R, &/
ZAEELAE A1, b hE IR KT S5 16 S
HH T AR SORUAE, ik e AR S LR
e 2 4 B UE 4 A8 B DA K ] R ) 0 4 B AT
%, B R R — AR B o A i) B IR R AR
5 &G R ABARRE, KBS HRALE R R E

BT FifE %

bty

R :

| = e ~f :

- Bt A B8 T H T G A

4 ; V-feat EECL]-- |
hicfeat : &
----------- T-feat EEECT 11 LT f oS

fernds | o i -

1 S - - C o Afeat EEETLJ-e " Iul :

. : - i

((((@:))) ﬂ\ i i S-feal LT} R R

I S-feat

K3 SRk L
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T RFAA AR 5 Bl BA e 24 R PR

ZYHHIERL  MDFEND'), Memory-guided — SCAC. I/, 4R ZMAFHERLS 5490 R—ABEMEEMEEN  BdEFHRER
= J7IE HE BE R

] ot 25 Y 4% Bi-GCN™, EBGCN™, P —WE—EE EERSHEMEE R AR R A
ik PSINU7! KAEH Bl LN 7 I 8

HURIEGRTT  KANUSL CompareNet™. On-  SEfk. HURFE. F KRERERGRIE L TP SCIGUERE IR ARS8 ] i
% toEnhance!®” [ HEHE AR

£ PN EANNGY, MVAESY AL BMG. B BEIAIEE . ATE & BB SRS A 250 5 P e
T3 EE %3] B

A RS, 8RS O B SOE BT S
Z:token, SEILIELL AR, HMR @B R
CEZAF

POO=TTPeokecr) )

K, XRRFTEEIRITY; xR M to-
ken; x., RN YEITALE 2 AT &AM LN 7
B, JERLIEAE TG, LLM A8 dl 3k SCAS R 1)
KIS O R, HFH S AR SEELE 2805 X
PRARAAESLRE ). EULIEAL B, AR AOCE S
RUBG 33— 30 5] N 25 B AR AT 55

HU 2V S2iF 5640E LLM 1] %1 4 % 1 1 B 1
FIFRH, (HE A RS LSS T HOR /NS, 3 itk
Wil ARG H & M HE 38 3 M 2%, K LLM fai i (1)
I3 AT LR R AE A B R0 IR N BERT R4 2%,
A ) K B S AR RS 7. MA P xk LLM J5 AR
RN IR SCA RS« B Sk 5 32 R 20 X
PEREE, Wit & g R EC A R2EER,
PR T )-SR - U R A ], 455 ) Y PageRank
290 4 R 8 S0, wR Ak KR AR 23 BE 7T .
WANG 2513 F LLM #8354 11 475 5 180 4 24 A
0, PRorIE P 5 BB, I A A Rl A
SR fERE,  SEEL AT AR R BRI AT . 5 BRI
OB EE BRI R, s
YENFE 7R 7 KA B AE R AT B AR A AT B4 T 1
PR A€, S HAREIAE A 52 A 37 50 R R XUy
B . WU SR B i 2 T A LLM %o
EGHT R BEAT XA LS RS Al BRI AR 4T ST

KD, A H S8 DA R SCAS RS R AE B AS D4 5
P L H2 th SheepDog HE4E, @ik LLM 4= il 2 Kt
KEFURE AR YN ZRAT I 2, B2 A AL 0T XU P 2 Bl
()& ke . PARK 25— R 4040 T3 — X
B, 42t AdStyle X Hi e ) BE 5 77 7%, R K
B E B A B 22 RE A L v M BB 1R UK s 4 2 o 2
TNy YIZR H B 05 HUA 25 288 XU Dy 22 B0t A 1
2%, ARG LLM B AR H 23 Fe i 1 #1228 g4
RS BB R TR AR TR NEINIX
— XU, NAN 208 ) 2 i 1) KRR fR) A kR
JIRSFRIMAESS, I AR “UTER A P AR
FAPE IR TR 5 HAAS W B B S5 F P S A i ) 1]
L, A8 B 2 BEVE R RO A B ORI
R
342 AEEGEER G RIEE

KRS 4 B A A B 57, LoRA Ik I i
BRI GBE, (N ECRRFERE, K
e FAA BB AT 5 O R 8, RS A & th B i
MR AR R 7 =, AR IR A B RAG A
INAN R ENR PR, 5 KA B 2 SR i i R
B, 32 TC AN R B 10 9 % B A 0, U 45T
P MR2 2 525 A 28 38 9 0% 5 A DN ke v 000 4
BERCE S SEESRRIEE, XHEeRrZ
A B LR 1 5 . LIAO 2584 HH MUSER £
AT Y a8 iy SO X NS S e g R A X Al
AR, 2B RO UEUEYE, T
VB P B S B HE . YUE 5P KA 2 S8 i R
H— P B RGBS RS R, R
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RARG # 2 38 5 [0 &7 4 sl HE 22 - 3d i 9 B B i
T, S AEE B T 5 R SCHR ) B AR E 38 P2 e
F EHRSCRHEIESS, BB AR R R o
(RLHF) X KA HEAT X 5500, AR o tfe BAL S
HA S H LRI Al | M. BLCOVID-19 i
FEN RIS R B, %5 AL R A S s A
WA AR b 35 AR TR = A R SR ) g B
Ui AR SR A, R R IG TR R N AR )
& AR T RO T HER . BRRR
WagAh, $ER% > (Prompt Learning) 1EA % —
KB ENSHOEREOR, [FIFEVRTRE 2 i
SRR A T W4T ER A2 . PENG 25U %t 30 1L sz 37
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