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Abstract: Affective compuling is an important branch in the field of artificial intelligence (AI). It aims to build a computa-
tional system that can automatically perceive, recognize, understand, and provide feedback on human emotions. It
involves the intersection of multiple disciplines such as computer science, neuroscience, psychology, and social science.
Deep emotional understanding and interaction can enable computers to better understand and respond to human emotional
needs. It can also provide personalized interactions and feedback based on emotional states, which enhances the human-
computer interaction experience. It has various applications in areas such as intelligent assistants, virtual reality, and
smart healthcare. Relying solely on single-modal information, such as speech signal or video, does not align with the way
humans perceive emotions. The accuracy of recognition rapidly decreases when faced with interference. Multimodal emo-
tion understanding and interaction technologies aim to fully model multidimensional information from audio, video, and
physiological signals to achieve more accurate emotion understanding. This technology is fundamental and an important
prerequisite for achieving natural, human-like, and personalized human-computer interaction. It holds significant value for

ushering in the era of intelligence and digitalization. Multimodal fusion for sentiment recognition receives increasing atten-
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tion from researchers in fully exploiting the complementary nature of different modalities. This study introduces the current
research status of multimodal sentiment computation from three dimensions: an overview of multimodal sentiment recogni-
tion, multimodal sentiment understanding, and detection and assessment of emotional disorders such as depression. The
overview of emotion recognition is elaborated from the aspects of academic definition, mainstream datasets, and interna-
tional competitions. In recent years, large language models (LLMs) have demonstrated excellent modeling capabilities and
achieved great success in the field of natural language processing with their outstanding language understanding and reason-
ing abilities. LLMs have garnered widespread attention because of their ability to handle various complex tasks by under-
standing prompts with minimal or zero-shot learning. Through methods such as self-supervised learning or contrastive learn-
ing, LLMs can learn more expressive multimodal representations, which can capture the correlations between different
modalities and emotional information. Multimodal sentiment recognition and understanding are discussed in terms of emo-
tion feature extraction, multimodal fusion, and the representation and models involved in sentiment recognition under the
background of pre-trained large models. With the rapid development of society, people are facing increasing pressure,
which can lead to feelings of depression, anxiety, and other negative emotions. Those who are in a prolonged state of
depression and anxiety are more likely to develop mental illnesses. Depression is a common and serious condition, with
symptoms including low mood, poor sleep quality, loss of appetite, fatigue, and difficulty concentrating. Depression not
only harms individuals and families but also causes significant economic losses to society. The detection of emotional disor-
ders starts from specific applications, which selects depression as the most common emotional disorder. We analyze its lat-
est developments and trends from the perspectives of assessment and intervention. In addition, this study provides a
detailed comparison of the research status of affective computation domestically, and prospects for future development
trends are offered. We believe that scalable emotion feature design and large-scale model transfer learning based methods
will be the future directions of development. The main challenge in multimodal emotion recognition lies in data scarcity,
which means that data available to build and explore complex models are insufficient. This insufficiency causes difficulty in
creating robust models based on deep neural network methods. The above mentioned issues can be addressed by construct-
ing large-scale multimodal emotion databases and exploring transfer learning methods based on large models. By transfer-
ring knowledge learned from unsupervised tasks or other tasks to emotion recognition tasks, the problem of limited data
resources can be alleviated. The use of explicit discrete and dimensional labels to represent ambiguous emotional states has
limitations due to the inherent fuzziness of emotions. Enhancing the interpretability of prediction results to improve the reli-
ability of recognition results is also an important research direction for the future. The role of multimodal emotion comput-
ing in addressing emotional disorders such as depression and anxiety is increasingly prominent. Future research can be con-
ducted in the following three areas. First, research and construction of multimodal emotion disorder datasets can provide a
solid foundation for the automatic recognition of emotional disorders. However, this field still needs to address challenges
such as data privacy and ethics. In addition, considerations such as designing targeted interview questions, ensuring
patient safety during data collection, and sample augmentation through algorithms are still worth exploring. Second, more
effective algorithms should be developed. Emotional disorders fall within the psychological domain, and they can also
affect the physiological features of patients, such as voice and body movements. This psychological-physiological correla-
tion is worthy of comprehensive exploration. Therefore, improving the accuracy of algorithms for multimodal emotion disor-
der recognition is a pressing research issue. Finally, intelligent psychological intervention systems should be designed and
implemented. The following issues can be further studied: effectively simulating the counseling process of a psychologist,
promptly receiving user emotional feedback, and generating empathetic conversations.

Key words: sentiment recognition; multimodel fusion; human-computer interaction; depression detection; emotion disor-

der intervention; cognitive behavior therapy
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TR A 5

AR AT P[] i 4 B 22 A 5 5 SR AR DG AT 55
BN IR 28 IR A A o I AT 552 ) I

A DL R R A BAR U, 2 s i R AR v
Wb A rE . Lin %A (2016) 42 H T —Fh 3k T4t
ENTEITREE ZAT 552 2] Ok . %7 iR e M 2%
oG | A= AR SEI T R [T 45 22 (B 9 15 8
R, NI HEm T 24555 21 PERE. He%s
N (2018) WF 5T 1 55 40U B I e 43 2R 1 224 552 X U
Weo PR LR B RE R R 24~ L2 5
PR 28, ] s A FERAN ) 588 A0 17 SRR o AT 55, S B T B
I rz A ke

2023 4F, LLaVA (Liu%%,2023) #1 MiniGPT-4(Zhu
85,2023a) fi FH “ BUR—F54 " X BUs AT 45 4 R
B 1% —LLM. PandaGPT(Su%:,2023) F)fH Image-
Bind i Z RS Gt s (AR BIE—45 2 7% FitkAT
YIZR) (R AR GRS B 6 P . AR KA
AU PO U A B8 ) , 8ok T 2 AL Ll
A WS Tk R RIS S B T A O R A
DR IE BT RRTERE, 32 8] T2 AR A 2

FES A AR
Mt | an
HE
: ror
B HIEN
g W | 5
H,
Kife FE N
\ K
Now I’m not even gonna sugar g
coat this this movie frustrated me
to such an extreme extent that i was
loudly exclaiming why at the end
of the film” N . - )
o fots VI | |WHIER R RA
N ik Grik || @G Be @

K1 RSB S B R R

Fig. 1 The diagram of multimodal emotion analysis and understanding

1.3 NBREETE R FEAF 40 K T

BEE A2 B R TR, N AT TN B8 1 ) 32 i
K, WL BT 7 AR SRIE A 26 . KP4 TR
FIER IR S B N 5 J8 PRSP o IVARAE 2
PO WL HAE 5 B — b, LR R A 475 155 45 11K
v, BENR B T FE M B8R , B B A
5 %1 5% (World Health Organization, 2020a) . 7E
B A7 L 5 400 J7 A GRATHIARAE , B Y
4. 2%(World Health Organization,2020b) . #IABSEA
A NG E 1 ™ A5 5, A A i R R

ZTFIR

WF5E N D12l P B 4R B & T 5 3Rk
TET P A7 R PS5 R IE DT 0 AR BRI AS E4 T L 3
PRl AR T RE WA E RS MR R T2
FPRFAE AR 22 b A T% 58 00 S 4 TR B o 22 R 45
(deep neural network , DNN) ft PEAL AR o FE.00 B+
PG, W RAL G ANBR W TR 77 £ & AR
Y Jo P P55 0 BRSO JF BLBGIESE BA — 2 B0IR
SRR (Ahmed %,2021) . 454 1 Rl OHNEYT 7
% (AN H1 4T A 97 ¥ (cognitive behavior therapy,
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CBT)) 1) N T.% fiE (artificial intelligence , AT) 1 K AL
A N AT DIOS 838 A T O B 5 | S AR Al L,
T 52 B S8 1O BIRYY o V8 H ET AT R LA
NIBASBEAE A Ll 0o B SR, AH 8 T LA by 4l
Wyt 31000 7 =X, B Fifi s A FH P, S sk 22 i
F R R RIIARIE 2 o AR BIFFE N BN BT R
K W INHT AT R 97 1 (internet-delivered cognitive
behavior therapy, ICBT) , $2& {5 57 & (1 £ 10 3L (gl
R M55 (Bakker %5 ,2016) . ICBT R4E 11 & Jie 51k
K B T SRR G, 29 70% 1 5B g il 1 o)
Jof FRR P EAT [ 3 MW 0 PR (g B PR I 5 2
(1) 2% i8R (Torous %5 ,2014) . 1CBT Z 5838 K FHWI K
PLas Ny X5 P T 2 0, e R ICBT &
G £ JERE FAARAE 1 T 045 5 5 Ll O BT I
fdE 0 CBT J5vE 1 T 145 2R LU #5042 3T (Spek 45,2007
Barak 55,2008 ; Andersson I Cuijpers,2009)
1.3, 1 IRARAS B 3hiFAG

AR S A 2l AR 5 S i 32 2 R an i 2
7R o Cohn %5 A (2009) #1820 7E 4 ith 2 5t (facial
action coding system, FACS) . 3= 3l #h WL A% (active
appearance model , AAM ) i AR L BB R FAIE
S5 G AR RRAE 0 RS 8 45 PO REAE AR ] — 2 fE
45432545 (AN S RF ) e HURTE 48 10105 2 28 ) XA
(AR AR BE AT VP Al R IR 3] T 8 m B ER T . 1t
J& , FET AL T A AR RS PPAR [n) R 5 | 1 Bk
2 5T N BB 2% R (Cummins 45, 20155 Joshi 45,
2013 ; Scherer %5, 2014 ; Morales 55 ,2017) .

AT G R FE R R B AR O T
AT KEWHE 1. ANEO T AT AT
ek AR o ARG A 14 () 200, O RIS 86 55 F0 2 AR 4 s
JEEAH G 1A I L, I T T e AR LAY 0 RS £ 4
[) o 3k 4 i) R 75 4 1 1R I RIS P 4 T A DX 40
PE R IIARARZS F sh PEAL AL BB A5 M S A5 N 25 v
PEBCH A RRRAE . Arroll 25 A (2005 ) 1E B £E 0>
PG A Tl FH ) — S G [ R AR A% A AR R THIARE
W HERTE . Yang 55 A (2016) XF I ARAE & & O
PR A 1 VA SCAR AT T T8 i, N Lk T —
S S RIS B A G A PR b AT TR B T 3B 2R Y 1)
RO T —RR PSR e T £ A ARIR S o 25
Hb, Sun 55 A (2017) 4387 1 AR £8 35 0 RS A5 (1) 3C
TSR, I DA B T R B B 2 Bl A 1 IR
75 \PTSD (post-traumatic stress disorder) %) T () [A] 245
TR IOCARAE o T B SCAARAE A AT TR
BEBLAR AR T AL 8 Y IR L E o Gong Fll Poella-
bauer (2017 ) X 0> BEAG A (1) $2 0] [7] R4 = R E A 7 4
B AR R 1 [ 24 N 59 U0 Be g4 BRI [
FRFEATIAZSE , M JR]—2 B S IO AR AR
SURFE , SR 5 R FARAE S P08 12, i 1 e L IX 43Pk
MRFIE . A T30 LU T AR GEpL a2 > Sk (i
BEHLARARFN S A 1] E AL ) FE AR ZS TP A ) 8 o
PEBE. Williamson 25 A (2016) My & T — 51 075 5t
fabs 45 B E R B LT WARIE 2 W R m i T B
J7 LYY AF SRS 18 FH Gaussian Staircase £ 751 X}
S AR S HEA T IPAG T U T3 i 45 2R

e
F Y SR D) GRS A,
! @ ' S s WV SCREFE | g
| o o o e > ks
| : 2) S ESA TR
I 1 A I
i&m I :Mﬁi RS A B
1 | 1
i v i ]
| ]
i i
;‘aﬁi | B
\ J DR

___________

Wi E

K2 AR A S AR s

Fig. 2 An example of automated depression state assessment
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52 BRI 7 2T HOR 3 &, Mendels 55 A (2017)
FI 75 22 R AIE A SCA R AR 36 B YN R IR BE R, -4
YR B RS F] T M ARIRZS PPAL o AT & B, 1
TREE 28 Il 5ok H 2 RS (s SOAS ) i
fiE AT DASA 30 B g AP A MEB 2 o Yang 5% A (2017)
PE T — 5 T IR A B 22 ) 4% (deep convolu-
tional neural network , DCNN ) { I ABRE A I A Y . Ay
T IRz AT B AN T — 48T A A I
T AIURRAE T B A4 A o Alhanai 55 A (2018) i
1 J 1212 (LSTM) I 28 > PAk £ 38 1) S A 2 B
b ATT3E A AR R IR AR AH DG R FIOR BE B S AR AR B %%
YIRH OG0 5 WRURROE F SCAS AR AR o 0 BB IR A A
A%, Lam 55 A (2019) $2 Hy 1 — R o3 T 32 8 A5 11 22
RSB IG5R TV o ABATTE Jo X 4 BoU BRAS A LA
S BbR IC RS o B X RS B3, A AT 4R ]
FRIEBREE T B 3 A B B 6 I —
B ZRAEAS 5 9K J5 {8 FH Transformer X} SCAR PN 25 3647
FRIE A, R TR B — e R 22 M 45 (1D CNN)
FERPBUSEAERE . S2025 k] IR BO 25
IR 25 A 0 0 290 7 30— BT
Ma % A (2016) 1 FH LSTM FI35 AL 28 [N 4% (CNN ) 4
SBUCHIEISAE F8 5 0 75 5 R TR S AG o 55
Ab AT R AR ERAE B v i A AE Y TE R AR
S [ L A AT DX BB O BRAS A 1 ] 2 AT T
B HL At SR A DL AR A AR B . Haque 55
AN Q2018) #EH T — AP SR B 45 (Causal CNN )
A BORLKE EUARR AR BUREAE A S S AR S A
H B, I Z R A T A AR AR .
Dinkel 8 A (2019) $2 1 T —Fh B T SUAR K 10 24T
55 1) 4 4 1] 10 A2 9 2% (bidirectional LSTM,, BiL-
STM) PPAL B AL, 2R ALK T 25 0 m) ik AR Ay
NFHIE o I3 AMZAE R T — A 87 3 th i 450 2K R
B, BE A W] A ST W G A AR A AE L R PE A i
HAVARELSE
1.3.2 AR AR R RO T TR 5¢

— O BT TR G W 3 R, R i
SEFEAT B XS TR A AT A H. S B P % i £
BCE AR 2 o BEAE THRHLEOR 1 & 5 , A i
RGP e O B R OBk B UL . FERS
PR YT 404, SimCoach (Rizzo 45, 2011) F| FH k2 4t
BRI P AT H S, B THIR R R B 50
WM IR A P 2 5 1L P 35T 7 Sk

FORE IR AR YT T LA, Pasikowska 55 A (2013)
PEH I — PP DT 28 BRI I 28 B 4% 3k ) FH P 4
) , TP FE P B RN R R R 35 Bh A T X
JE I R R RN AR 25 .

T AR AR RE O T

[zl &I AR R[]
St DAL N | TR Ineffe
IDHLE | — IR — R T | O3
AT QAN IQPSEivas e300
Hitde ARG IA WHREE

K3 ZHEC BT FUE A R 4
Fig. 3 An example of intelligent psychological

intervention model

R ML N M5 PR I 408 s FH B T 6L
Ao 1964 4F ELIZA i 3¢ [ R4 BE T 22 Be A T4 fig
S FE I, T RN S 5RO BR
I IR 4T A (Weizenbaum, 1966) . K45 ELIZA 22—
A a7 BB TR Ay IR AL AR N EE ARG
SERL T D BIRIT AR S L ARG T PR T .
Bickmore % A (2010) 1% 11 T —AN A UL £ 1 36
TR HLAS AT SRS A I AS i, IZIR LA
AT LIGH 3 S0 K 5 19 N A G097 I G
HI, IR KRB EXINZREIEF W E . Shim
(Ly % ,2017) J& — /2 T SCR IR AL S A, 38 i
458 CBT 7 A R T F 8RB 4 . Gar-
diner % A (2017) F I R AL A% A ) 2 5 A 51 $2 1L
AT 7 AR, fESE R R, 2 55 A AL
Hi B T PG i, G KRR TR
4. 53 4h, Bhakta 55 A (2014) & 3L Pk Sy [ 90K
Pls N Heie HURMF B2 %2,

FHTAMARRE i6 7 00 R AL s A58 5w 15l 4an 151 4
Fie s, e A7 AR R 1 1Y B2 J& Woebot (Fitzpatrick 55
2017 ) F1 Wysa (Inkster %5 ,2018) ., Woebot i 13 ] £
(9 H w0 AR 2 B R X0 TP 4R A AT R
07 G H P AR AR TR S 25 . Wysa IZEG TIA
HATRIRIT AT A SRR R IE 48 5 20 BT R 4
BOAIARIE B
1.3.3  ZBSMAREHE A

XF THARARZS A Sl PG A ke 1, IR i o
) A SIS B S A F] A RN
Z RS ARG A A0 5 1 AR A RN g %) L i) £

1615



1616

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 6,Jun. 2024

E I Y Q. .
1
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- .
1
vy, [ ﬂ |
1
™~

@ RARIHERA |
\ BAETAE

_____________

(P ey ——

K4 P RLG BT BLES A S E R )
Fig. 4 An example of user interaction with

a psychological intervention robot

RN BRS04 5 A A A R I 179 S 5 o
DAIC-WoZ (Gratch % ,2014) f AViD-Corpus (Valstar
45,2013 ) 52 Z B INARAR S DAl A T A8 A
el o HABAE A TT AR 48 Kot 2 a4 PR B
£E (black dog dataset) (Alghowinem 25 2013) ERIA
2R 1 VAl U5 R 0 BEE (virtual human distress
assessment interview corpus) (Scherer % ,2013) Fl1 %t
TOUE IR PE- 73 e R A AT AE £ 4R (Hamilton rat-
ing scale for depression corpus ) (Yang 55,2013) .
DAIC-WoZ B s 5 i) R H 2 0 1 3503
B iy (6045 £ 08 AIER AR )5 R R AT ) B Shiz Wr
FAR, OHUIRH — 448 Ellie 1Y B IV R
£, A% 7 0 TAE N BT Ellie A9 5479 (0
Ellie 1 50k FITH AR L AE ) FIHE S 470 o 1RO HIIR
o IR A AR AE— 3 6] B 5 Ellie #E47 H.3)
Ellie 23 0] — SE 42 5 B3 i 1) 2, 491 0 “ 2 R R
AR AR 3 A BRI AR N2 7 VR TE A= T v e F B R
JeftAa?” . WAGEIEE B B K, Ellie 23— 28
TV A) - (BN X A7 230877 ) K 5 | A B E 2 1)
W MR AL T 12 4 8B 5, B AT
BRI TE 8~30 min Z [A] o AT IR AR 1 8 £
FE S AR ST 0 SR DA R SR A 0 3 R ) A
(patient health questionnaire for depression , PHQ-8) %)
TP FImIE . PHQ-8 & — e KA I PRAF 5T b i
(AR AR B B 1) 45 (Gilbody %, 2007) . PHQ-8 [f)
B A5 R T B DR AR E R
AViD-Corpus £ #5421 & T 84 24 MARAE AL
HIRE A S B AT ARSI o A P 5 58 IR
NEHALS AR R B gk & se R k. 5
1AME 552 IR AT 55, 35 0 2 5 (L
R BAY B2 v B o 268 2 MT 55 02 ) BAT 55,

VB A ] 5 L S ) TR s e
ISR AT A7, B AL A A A7,
“GHE— M EGREARICIZ %) o WMk EA R
S Eh 3 ) S T AN R P R I EEHIL S R LR
STl 4 Wit 8 0 43 B 2R 43531 SRy 30 1/s 1 640 x 480 1%
. BAEREF LT ZEY BDI- 1 (beck depres-
sion inventory- I ) [A] % (Rush 4%,2006) . 5 PHQ-8
[ #2540, BDI- 11 7] 36 F B At Ak S o i AR ™
FERE A 21 AR T H L #3530 0~ 63 Z [l . #73
JE 1 BDI- T 1543 7E 20~ 28 43 2 ] , W) 32 32 ok I
A REEA T EE AR AR o Gn SR AR IS 9 BDI- T
13533t 29 3, W & BT BB AT 5 AMAIAE

UM R0 A 2 ph SR I 9 BT A A A T O R
JE o PR B 1 B A A R PR 4, 43 i)
KA BT S AL BEHRAT 55 o ZE OBV IRAT 55
e, A AR ), 2 5 R ) R AT R A S
W BT TS5 R 20 4 HAT T A SR
Wi R A)F o BTSSR RRAF 2 5 A B A
) 5 35 U T 40 2 2 IR A3 JE 3 1 40 44 R 75
B S 50 BUTR B LT 55 B SR . ik 2
BRI S T AR IR T O | R AR A
BE.

FEAUN I I TAG Uik i A 12 A St i g =X
5 DAIC-WoZ & o), 2 A — Bl 5 2 5
ANGHFTH S . 2 5% 5 B ACEE ) B ) fE an
T e, RMRE A REZ DRI B R — R
), 55538 T A O R . KA R EE
TR AT VTR . VTR N 3B B, RIEAR B
B T BERNEE 2 B BE . ZERUR Y B, VR
G o) — L5 | K AU I 45 1 TRl AL, G URIA A PR B
75 0 S TR 2477 TETEM BB, DR 251 [h)
— b B T 2 0 ) R, AN R R R AR R
o7 HANZ 5 H M UIR E A SPO0 kIl
. ZEIEEIRAU T B /S 5EMIRIC .
b, 5 5 E TN TG WA 45 PTSD K
#r % R WL ( PTSD CheckList
PCL-C) (Ruggiero %5 , 2003) Fl # & {3 7] % (PHQ-
9) (Kroenke % ,2001) A AR Ee . PCL-C F1 PHQ-9
R TIAE S 5E BRRORD .

TVHRE DU IR T 43 it TR} I S 5 ] DG 2% £
FEAWFIEN BUAETR T IARAE £ R AR 1 — A~ &
T 1 PR 36T 0 AR AR 4 o B A b LA 5T A AF

civilian version,



$29% /668 /2024 £6 A

M, SEEMm, 8, 84, kE, £l
SESERIANSERERIRRESR

4 DSM-1V (diagnostic and statistical manual ) 5 J& /i
FRAE AR E (Bell, 1994) 92 5% o FEAWARAE AT i
FErp 11 24 Ll Al RO BB AR 25 AR5 1.7 13 71 21
SN RESL R AT VIR AR5 VAR B AR R
B2 A= R FH U3 SR A ARAE 43 1t 2% (Hamilton rating
scale for depression, HRSD) PFAf (& B #0 AR 72 B2 .
HRSD 15373 15 73 K LA 137 [ A v B s B2 A1)
ABAE , 159530 7 53 K LAF 3R A pl b T 1E H IR S
(Fournier 5% ,2010) o %R I ELE H 4 15 5401
M2 EFNCKRERD, @B E T 98 5EN
1307 FR IR SR8 FISRAS

2 ERMRER

2.1 ZESFERIRARL
2,11 FAREX

ANKTENRE WL PRI, 23R I B & R R
SRSl AL, X 0 RIS 8 B 2 AR ME B
b SCHZEWURIE o Anfa) S 5 BOIR 2S Je — i .
PR, H AT, AR OC T B R I A
FERGE— A, WS — A E PEFE & R PEA bR
E, FER ] B HOR R sl 2 R ORI . H IR
S A B B B P CRIAS [R) AR 1 N 53 B XT A
[) B4 ] B 23 Bz BN [R) 195 /%) , DI ) s i 4
JEE AR X L 220 I ROR O T IR A o AR b aAR )
A, Lian 55 A (2023¢) #2 H 1T — R8T 1918 &R R J5
T AT SR P AT e S A 1 15 SR R 2 22 15 J
AR, e I R 00 & BV R AR D BB B AN FR AR
A AT 3 PR P X o5 SR SR s T %, i 58y 17 SR 1 ik
T A ASOR AR b S , (2 9 S S BOR B o
2.1.2 HOCEgE

N T AR SRS U BOR B KR R N
FE T 2 FISE T S0 5 SRS RS L
BA R FEM A& CH-SIMS (Chinese multimodal senti-
ment analysis dataset with fine-grained annotations of
modality) B 4 . M3ED (multi-modal multi-scene
multi-label emotional dialogue database ) B8 45 L) K
MER (multimodal emotion recognition ) ¥ i 4E . 3 2
X SO B R Bt R AT H SRR BT T
Bo AL T IUA BE4E  MER2023 FS AL T K
ARARTEREA T PEI 4 B 2 2] Bk PR RE

1) CH-SIMS %48 4 . CH-SIMS (4 4 (Yu %%,

2020) S AT 5 2 281 AN B, B R B A
— A ZEAEE LT TR X SGE T M T £
Fhdg s, I HRABSERA % B IS BR i, 8 T 5
FEN TS WIS B BB B AMA) T, CH-SIMS £
Pt 5 ) 155 TR A S A 2, 8 L DA 97 1) 155 2
FIE ML (—1~1) . BeAh, s 4 ot — 2 J it
TAFAE R ) A JE MR BRTE 6 TSR N5 AT A
Wy Ja P R TR 2 22 T B S e

2)M3ED B4 . M3ED Bt 4k (Zhao 45 ,2022)
JE— LM LR RS B B S A AR
FEXFIE T, AR IER S Z B iE 2 I Z 5w, a4
XFE G O E VR g BRECAE . X A
BNFE G B HTAT 55, M3ED B 42 4241t T 56 #BHa,
PRI 9 082 58X o T A X U1 434 24 449 4
B AN R BB AE T 3 R RLASAE B (R L N
SCA) o BEAR AR BN T Rl B (P AR B
VF R DO TR CEA AR ) Rk B T — Ak
ZANREE BT SRS B AT AR ) LA B
VINIERS

3)MER %4l 42 . MER ¥4 % (Lian %5, 2023b)
A7 ] OSCHE T, M TP 2B BRI R 5
& HE R . MER 48 % 4 & 3 3 2 #odls . MER-
MULTI, MER-NOISE 1 MER-SEMI, H ', MER-
MULTI 4 G2 B 4L T B Wby 45 4k bR 25, (8 T
FEN B3 AT 22 Bm 25 A0 S PR X T4 IR M BE 1Y 5
i s MER-NOISE i 4 S it 1 18- M8 75 R0 A0 A3 ARy
Qb B B A T 5T N B D0 A SRR B A A A
T IREE T & 4 1 ; MER-SEMI #2417 Bl g
PRICHUITRE A 5 F0F 58 A S3PFI0 G W B 2 ) sl
55 WB 2 2 X T 2B BAFUINTE 55 VEH

R2 EERHNBERYESE

Table 2 The Chinese emotion datasets

U Heli bt e
CH-SIMS 2020 2 281 1A it R S
M3ED 2022 9 082 4%t i B
MER2023 2023 5 0304R7E+73 148 Kbnid:  BHL, 4e g

2.1.3 LR E PR
2016 4%,/ FERF2£Be A shib B o8 i 00 7 1 Jm
RS BRI L FE (Li4E,2016) , A03E 35 44 AR
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) GRAE BUN N 2 S RN 3T RS . A
2018 4R , v [EI Bl Bt 0 BRAFF 5 IR A3 25 22 B 5 K
o S [ A AL 12 5 22 AF 28 IR A U PR TR
PEt T IR AE R B A % (Yap 45, 2018) . 2023 4F,
HE R B A ST 5T IR 1B AR R 0 [ 7 [
PETAABE o5 22 B R RN g V3 T B, 7
[l B 231 ACM Multimedia [ 2020 T & i MER 2023
PEATE (Lian 45, 2023Db) , 32 BEEH ) 2 B8 2515 AR
HY R G G R PR ) B, I 440 T 34T, T
P FHULIREE T 1RGSR LA S AR AH AR R TE
PREREAKT T R G & PRI
2.2 SESBRORA5EE
2.2.1 ARSI

[ N O TR IR RS DO T R T B A e o X T3
AR AE N (2008 ) £ H R SCHS EATEAS (A2, A
ANTR] £ BE AR — A v SCIRN B8 e, G4 1) 1 1)
PERNZE IS 15 i B R SR R o Ku A1
Chen (2007 ) £ H} H SCH JE& A 1 3] i (National Tai-
wan University Semantic Dictionary, NTUSD) . %A
S Ay TR AR P 7 i P ] g, A0 5 2 812 4 1 o 1 /R
TRV 8 278 A~ B fi) s kA, T LU T e i R AT
5524 AR AE Ty T, T AR rp A SR B AT
ZEAR DG A THT AR R AR AN B A 35 (Zha 25, 2023D)
2.2.2 HTEHZEEE RN

ARSI A TR Y A BE R X R, L RS
et 2 n0E B . ok AR R B (5 BT
PARHEANSE (Lai 45 ,2023) o [& X T 2SR 1
WERIAEW T\ P EBAB A SHEBFFET Lian 558 A
(2021)#2H T —FEF T Transformer 25 ¥4 1) 4R Z2
SR B RE Ik . KON TG 8 S Bl 2R
TIE T 47 3) /5] 1~ 25000 P A 7 5 ) SR, AT B R A
FHAARL B2 R PR S TERRL N AR S T B A S eA
FAE S A0 5 S A R TR IR TR A T A 15 R
TR, R Tolk R Hu 25 A (2022) 4 1 T
— 2B BRI S AHEZE (unified multimodal
sentiment analysis, UniMSE) , iz HE 424 K H FR1E A5
%% 1 MSA (multimodal sentiment analysis) & ERC
(emotion regulation checklist) {T: 45 4t — A2 ok . 7E 7]
PR SR AT ARG P A SR Z
(] B0 2y >, DA G b Al 4R 7 5 v 4 =2 T ) 22
SH—EE . WEICATTENR SRR R RER
ARG EKE LT Yo A (202D 21 —A4

BT A MR ) SRS R 28 A USRS AR HBUA 37 Y
BRI IR o SR R AT 55 AR AT 55 EA T IR
AU, o35 2] — Bt 22 ek o iR 2R EE Tl R
5 Wu SN (2022) 44 H1 175 18] J8 R0 22 150 25 Bl A Y
(sentiment word aware multimodal , SWRM ) , 1% 15 0 A
DL FH 2153505 IR e R 20 25 b el i3 1) 1 ]
TR AR EESE N (2021) NEAE GBEE EBA B
PE S SOGB4 Z i IE(E B P BT 40k
AL HG TGP T — g S s R T
TER REAR Y I b i Z2 BSAF IBA T3 i A58 D5 1

WX T 2RSS EA EFEIIRE . Pk
AR S TR BE Yang 55 A (2022) 4 i T
— D ZESHER—— B B2 AT 55 15 103 AT (two-
phase multi-task sentiment analysis, TPMSA) . & >k
FAPIY BEI 25 5 s ok 58 53 F) T 0 G 2, 5%
TP AL 555 21 SRS R 5T B R AE Y 70 2K
RE 7, ) F A5 B2 N AR S IR A 22 L, T bRy
Bt 5105 BRESBE Zhang 55 A (2022) 42 H LUK
JEE BT O ¥, 42 5 ) DEAN (deep emotional
arousal network ) 15 Y fHy 3 A~ 20 Wl 58 40 41 A%, B B4 A
& Transformer USRI T R G ; ZHRLETT R
RGN LB s DA SRS AR
17 2 N W ASE Y (4 T AL TR ] I 1A 5SS ) RIS 25
WY AZH . E R BE [ A6 BE5E BT Lian 55 A
(2023a) 4 2RSS B P E F IS & . 200k
FIH T eI B 1 9 2 BOSEUE R RS Z 1) Y
BV S5 AE A BN 55, 2 IS B R R
TE T WA AR BT 55 b 10, 20 IO 65 1) 19 J ey
LN o VLA TR TR - 5 EOR B
Wang 55 A (2023) 42 11— i SCA B 5 -5 190 2%
(text enhanced Transformer fusion network , TETFN) J7
125 %5 VE S 2D ) SCAS Y ook B RS i, LLARAS:
ARG — Z B RN  1E P A JEAT T RS A Y
LH.,
2.2.3  HETRBIRI A A AR

B BE A S AL DESE T Lian %8 A (2023b) $2
TR T RS L R MR A1 B AR 1 B 2
AL AR 1 1 BN i R A A Ak BRI T R
PRAS Y AT REE , JF R 22 S KA 45 5% AT 55 ik
FroR | i — 2D 3R T 117 IR IUIN 25 2R 1 T A R S
A L AR R R 2 Lei 4 N (2023) 42 0 T
InstructERC , FRIEHE A SE R HEZL ) ERC ALY
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