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Dialogue emotion recognition based on coherence and discourse structure
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Abstract; The current dialogue emotion recognition models often overlook the coherence features and discourse structure in-
formation in context modeling. Therefore, this paper proposes a dialogue emotion recognition model based on coherence fea-
tures and discourse structure. Firstly, discourse coherence detection is conducted to eliminate weak or incoherent discourse
information, and both local and global coherent information are obtained by constructing a coherence matrix. Secondly, a
dialogue parser is utilized to establish discourse structure relations, and a directed acyclic graph is employed to model the
discourse structure while conveying both discourse structure information and speaker information. Finally, through interac-
tive attention, coherent information and discourse information are interactively integrated to generate emotional labels. This
paper validates the proposed model using two public datasets, with results indicating that compared to existing models, the
proposed model demonstrates certain improvements in performance indices.
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Continuation
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S| R A AR v Ve ST R AR AR i L 28 L () A AR S
ATXTHe, BB LU JLRAEAY
331 ATraegaa

DialogueCRN""" . fifi FH XL LSTM ¥ 4% 43 5l i 3
VETE A PRI SPOESR B, SOt 2R s b
AP A AT R &

ERMC™ . 1| 7 15 235 46 5 100 376 5 R R AiE A%
& LT SR ELR, IR 145 6 R A 561 1 i
T UEE,

332 ATHEHGER

DAG-ERC" . I FIA 1) JEIA Fl %o Xof 37 o o B
AR N SCHME B e f 7 A

RBA-GCN'"' . FE L2 B 6 246 T il a R 72
TUER AE B ITA, I AT Z AR Z A
L,

Dual GAT""" . 1] FH [ 33 38 1 R 4%, [ i 2% i 3%
TESE P AEIE F N R SUE B IR A
TIHUHIRT 2 AR B 7284

DialogueGCN"") , ] F 3 T &1 4 B 00 2% 45 %
TG N RIS A R 2R

DenoiseGNN'' . 3563 T 5 30t jg o8 , 1 UEAH
S22 FTCAE B DTG TS, 8 2 1AL ] 0 A
fEF R IE R NE,

ESTHGNN ' . SR FH S HY A5 1) TG 3 P 1 22 I 445 3y
ASH B R 8 R A 1] A D6 T AU TS R RS
TR,

CauAIN" ] FH 5 PR A g PRSR O 28 ok e
VLA A C R
3.3.3 A TRINGHER

MPLP!' B4 A 26 S 45t s R Sefs B s
VLTE 1T 515 B 6 B P 2l 5 A b AT 4R
7, Il BREERE X BRI 25

CISPER"™" . Fl I 5 151 i 4% Bk A C 1 I
N SUIE BRI E BURIRAS g T I SR SR

ARSCHE 2 A4 ERC BI040 45 1 1P AR SO 1 14
e, SCIREE TN 3 s, SCEG S5 R I AR SO
AR T AR (1) e FE AR, 76 MELD F1 DailyDia-
log BEsE E o MR TF T 0.64% Fl 1.41%, 164K
R ELAT Se 4 JT A PERER B, HLRERE ) ERC 114547 ok
B 7E 2 MR AR L T EA Y BRI T
T A5 1, 2 W 3% T 1 04 7 vk T e A 30 450
B, IS5 SN B E B R SR R PERE A
HE— B4R 5 10, CauAIN P2 I IR I R
fei AR RE A Tl 32 B X HE TE S TP IR 2 HEER
TN A ARk 2k 2% . ESIHGNN % 5 4 A 1] Jo FR
VL o 25 X 24 AR U8 T 3 19 4 IR 2, I ) FH AN
FREMT, R SR R T AN RN
X3 R LA RN S R R A R 2 T
UMD s A R R T IR TR 52 PRI AR SRR
RURHAEE T 51 AR OG5 B 45 80 e HE RS AH L, 7E
MELD (#8421 7 1.88% , 7F DailyDialog i #i 4
BT 1.55%,
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HHE T DAG-ERC, A IR FE MELD F1 Dai-
lyDialog £ Eornl Tt 1 4.13% H1 2.80% , B4R
DAG-ERC AR H] DAG 2500 2k B AR A 7 4t
B AR H A R B 49 5 =2 8] 1 35 0 342 530 DA ik
WK R, FOR R RGA0E 1R 3w 5 B 4
FbZ B AR SO JEAE TR E SR A e B i 2R A A
KT ARSI T IE TR 5 R A O =AM
AT R ), FLA A& BRI E B EE T8 X, A
T AR AR SO R 5 F DAG-ERC, 5 DualGAT
REFRUAE EE , B AR AR % 18 T 0 R 435 P XS AR B 1
S A 1] R M 25464 BT SCE R B SA
] R4 B — | AN INAS S DAG 254036 2 2 ih 45
FRE R A B Z R A SCIEE RS MELD il DailyDialog
BGED BT T 0.96% 1 2.11%,

*3 FESUHEEITLE

Tab.3  Comparison with the domain model

B MELD DailyDialog
Weighted-F1/% Macro-F1/%
DialogueCRN 58.39 —

ERMC 64.22 58.75
DualGAT(2023) 66.38 59.22
DialogueGCN 58.10 57.52
DAG-ERC 63.21 58.53
DenoiseGNN (2024 ) 66.70 59.60
ESIHGNN (2024) 63.92 59.78
RBA-GCN(2023) 65.67 58.33
CauAIN(2022) 65.46 58.21
MPLP(2023) 66.51 59.92
CISPER(2022) 66.10 59.17
DialogCD 67.34 61.33

TE AR i R R LR IR AR AR R R (R R T T IR

34 HEAZW

9T BAIE DialogCD A2 AR 104 851, AR SC ik
T T HASEES , feature F/n B RIS FEAEA T Jo) SR 4R 1IE
FA 5 08 B PR I 2R B A 595 450, -coherence 7R AN
XA B R SCHE T AR -structure 7R
AN 2 (8] () S5 40 6 R AU AT AR, -interac-
tion /R AN 2 MR (E B T3CH

YRR AN 4 PR, LR KRN LR
(R AH AR5 | AR (PR RB XA BT T B, U A T AR A
BABLARXS ERC AF55 A — & Mg, Lwigih
SRR T BRI RR R T [ R AR SR
FERFH DAG #4742 JRy sAEH1T , % 18T Jmylide 51

TEIE BRI, I RE7E 42 J5) EAR I A S50R & J A
FHRIRE S . BRI 45 d s s B7E 2 4
B FAMITIET 1.52%H 1.41% , W15 B
A R BB REE — E B LT ERC 1Y
PERE, 2 ag B R S HLE S B ALE 2 AN EE
EEABTET 0.87%H 0.75% , 1% 5 [F Ky 2 Mt
Hepy {5 BJoam it 52 5 B U T se e s
PR S BUR AL RE TR
®4 OHBMIR

Tab.4 Ablation experiment

" MELD DailyDialog
F A
Weighted-F1/% Macro-F1/%
DialogCD 67.34 61.33
feature 66.13 60.39
-coherence 65.37 59.77
-structure 65.82 59.92
-interaction 66.47 60.58

3.5 Graph Transformer ZE# 517

R T WFFE B Transformer J22 B0 52 1Y M RE 1) 52
M) , AR SCAE R 75 53 P AT AR R A I o 4R i A A
e |43 50032 37 126 484 €] Transformer )25, 7F 2 4>
Bt FAS B[R ZE01Y Graph Transformer I X )i
(0 F1{E, SEHR A R AN 5 R

69

67
65
63
g
= 61
59
=== MELD
57 @@= DailyDialong
55

1 2 3 4 5 6 7 8

Graph Transformer

B 5 Graph Transformer EEXTRBH F1 &
Fig.5 F1 values corresponding to the number

of Graph Transformer layers

MRS AT, 2 A EEEE MELD #di 4 E
a3 2 Graph Transformer mF, PR RE IS B B AL, 7
DailyDialog %% 4l 45 I #E & 4 /2 Graph Transformer
I, PERB IS BN AR . XD D Y2, R S
5 R SR IESE B T RETC IS BIAR A A SR AN 5L
B YRHER L0 A BE SR AR B R Y T R
N TG T 7 S BB R PERE R B, b, i T
DailyDialog %84 4E HOXT i £ & [k MELD £, T i %L
By bR SCFE BARXTR 2 IR S R R 2
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