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Conversational sentiment analysis based on speaker
utterance interaction graph neural network

YANG Luxian, HE Qing

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract; Conversational sentiment analysis aims to identify the sentiment classification of each utterance in a conversation by
understanding the way human express emotions and combining the conversation and speaker information. Different from the other
text sentiment analysis tasks, conversational sentiment analysis needs to model the sequential context. However, issues such as how
to model the conversation context more intuitively and effectively, and fully consider the sentiment changes of participants to
improve the accuracy of the sentiment analysis remain to be explored. Therefore, this paper proposes a conversational sentiment
analysis model based on speaker utterance interaction graph neural networks ( SUDG). Firstly, the utterance features and speaker
information features are extracted by fine—tuning the ROBERTa pre—trained language model. Then, Bi—GRU is used to encode the
sequential contextual to obtain the contextual utterance features. Finally, the fusion of the contextual utterance features and the
speaker information features constructs the speaker utterance interaction graph neural network model. Experimental results on the
public dataset MELD show that the proposed model achieves better experimental performance compared with other baseline models.

Key words: conversational sentiment analysis; graph neural network; Bidirectional Gated Recurrent Unit

Z oAl # 2P  REUE I R NS SRR,

0 5 & TR 1 % JEHRAE T V5 i B 50550 | % i

B R AR AR 2R, I ) Sy B )
REAL A Z M A NS B A 36 TP il 2% O,
PO T AN H R B 338 2 | i s AHLAE H N
ST . (RIS IR I ) 25 Jre A Rl 472 e
T ANISGBFEA BRI T A, 5 T H
K 0 P P S A5 D7 SR ARl . ARt 2e 7 B

BEE£WH.: BRARF2EH4 (62166006)

578 - NN Vi TR 0 o1 A

X 1 B BT A S B AR T AL BB 5 T
]2 T2 W N R 2 2R N BL)
2 RTE AR 55 B e i B A AN AR h R Ik 1
2r 0977 30, A R N A O IR AR B RIS
(B — BRI 28 3R T ANLAC B R 5
AR P A BAT T 2 RIS 0 S, R N TR RE A

TEERI: BB (1999-) , 2 0o A, FEWFR 5 ) . ARG AL FE
WBIRAEE . T PR(1982-) 58 1+, 247 , A S, EEAFF I R3] B etk B 9% . Email: qhe@ gzu.edu.cn

i BHEA . 2023-03-25

KR LB EE L ¢+ A5 b A




EERNE |

PRI, 2 o BE T U TR S EL PR 2 I 285 B4 X A TR 59

B — N E ST 1), SR RO AS N AE £ Fl
FEASHAR b ELAT A A R A A, R B AR A
FEABR AR G T XiE R e R e & IR A 4
WAREN T T MR XS R AR IR IEAR 3SR
=, B I 5 AR B 5532 5k X TR g
() SCARAR AT, K% SCAR B M5 B 5 AN 4
HAFEE R A BRIRTE . X1 BT 5 HA Y oA
15 B AT 55 Ao X e TR B sg B, X
TEAE B SRR T X 18 18 A & 2 B R g
H R Iy SR B X T 207 25 IR IRHE SCAR X5 5
SRR X T A5 B B xR 18 ) & A AR TR
&, L, TEXHE 22 B R, 75 AR
W) N SCHEBE, AR T R AR TR ) S AR A
HEZE , 58 A HTAT 557 ok T R A Bk IR

XS ™ R ) I R B R A, %R
ARBIANEL 1 BRI TS TE 2019 AR A TFR B 4R
MELD" Hre BUAY— 4~ 3 5 6 38X i6 SCAR , X id &
Chandler 955 A5« BT — MG 00T 28
FilE Ry T HRTE IR s X A s PR RS
TRIEE AR A S . AT UL TR RN R
¢RI IT IR G BUR E 22 H Z MR, 5XTE
TR R LR SCGEEE S G BORES S AE
AV S A R R B DGR EE PRI, An o] Y B b A
FEXTIE AR A R SOF B GBS R B UL S
ZAASCHR X1 5 B R A SO E A

16 B AT I T Hr AT S5 A b = oY
AR J1F- B 5 B0 X6 B 1T SO A 8 kAT
B ZEN TAEC 248 T 2R X 1R 3¢
MR B, R I I 10 3 I e 2 o 4 1
SERARY | XSG FER IS T A B IR (HE
T2 BN MR IR, R BUEIE S - SUF B
T MELAT UL A YRGS, A, A2 H
BIEEMTPerE WA R, Hob, 1 250 v R A8 1
B SN TR 0T, XI5 H 3 252 K
PRFFAE TR AR T 3 15 45 09 T Pt 2 8 X s & 14
FEAE— AT GRS Hh T LA 35 35 5 R
BOR TXNEE MBS 21, B, 07255 % &
X5 (e B LA S & 2 B S A H

BEXE AR 1) 1, A SCHRE T — 3 X
) A P 2 O % ) K 5 SRR T AR AR

(1) 38 i3 8 RoBERTa Tl Zk1 5 #5575 $i Bt
EAJEEAE, 5] A Bi-GRU EEATIE SCAR S LR 3¢
FHIE

(2) 382k TR 228 0 2 B X3 | 30, IR AT A

ANTRI A ] LRI 5 25 97 i A i 3 e A
GRS

(3)7E MELD 2\ -8 4fs 5 bk A7 R 5080, 5
UE T AR SO A 3k,

Ross Chandler

Joey

B1 3HERG]

Fig. 1 Examples of conversation
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Fig. 2 Framework of the model
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Fig. 3 Sample of Speaker utterance interaction graph
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Tab. 2 Comparison with others model
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