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Dynamic Interaction Dual-channel Graph Attention Network for Chinese and English Sarcasm
Detection

TAN Pingping"*,XU Ji*,LI Yijun® and WANG Hai’
1 College of Computer Science and Technology,Guizhou University,Guiyang 550025, China
2 State Key Laboratory of Public Big Data(Guizhou University) , Guiyang 550025, China

3 Baishan Cloud Technology Co. ,Ltd. , Guiyang 550081, China

Abstract Due to the complexity of Chinese semantics and the nuanced expression of emotions, Chinese text sarcasm detection
presents a challenging task. Existing sarcasm detection methods are predominantly developed for English and struggle to adapt to
the unique expressions and cultural connotations of Chinese. Therefore, this paper proposes a novel dynamic interaction dual-
channel graph attention network (DiDu-GAT) , which utilizes a unique dual-channel structure to analyze syntactic dependencies
and emotional features in texts. DiDu-GAT incorporates a dynamic interaction mechanism to enhance its cross-channel learning
capabilities s enabling comprehensive extraction of emotional information and syntactic patterns, thereby significantly improving
the accuracy of Chinese sarcasm detection. Experimental results on the HIT Chinese sarcasm dataset (GuanSarcasm) and two
public English sarcasm datasets(IAC-V1 and IAC-V2) demonstrate that the proposed method significantly outperforms existing
baseline methods across key performance metrics,validating its effectiveness and superiority in both Chinese and English sarcasm
detection tasks.

Keywords Graph attention network, Chinese sarcasm detection, Dual-channel dynamic interaction, Sentiment analysis. Sarcasm
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Table 1 Experimental results on the GuanSarcasm dataset
%)

HA HHE RS BEE Fl
Att-LSTML19] 70. 35 70. 41 70. 36 70. 38
CNN-LSTM-DNNL15] 64.52 64.43 64.37 64. 40
MAIRNE3 70.01 70. 85 70.78 70. 81
SIARNI31] 70. 68 70.58 70. 56 70.57
SMSDL?] 67.74 67.74 67. 60 67.67
SMSD-BiLSTME54] 66.95 66. 84 66.77 66. 80
ADGCNE3] 69. 50 67.42 71.05 69.19
SAAGS] 71.95 72,11 72.03 72.07
DiDuGAT 73.69 73.72 73.66 73. 69

TE GuanSarcasm B ¥EHE YL 25 R 1 r %), DiDu-
GAT 78 F1 1B 3T 73. 69% . 3 M T 1% Ge A5 A 0 5558 1
FLLRMIRL BN, AuBILSTM # 7 hy F U4 32 5045 B . &
A 78 43 ) ) 12 485 ) FA JBORRAE . F1 4343 S 70. 38 %6 5 CNN-
LSTM-DNN R B IRE5 & 1 Z 2450 (B X o 303 SCA 2
Ry BGRB8 F1 484002 64, 40% . SMSD # A i
SRIE AT E DG4 T ) b S A L E AR AR A R
WA, oK BB 7E I IR 5 A vk RR AR 2 R ST 8 A 28 B
ADGCN 15 70 3 13 4 8 175 Jak PR RN 00 TR S B T %t S &2 2 4
TER AR (0 H B SRR A LT SCRAAE 19 45 A ARl Sy R BUE
BRAHEEAR, HILZF,.DIDu-GAT J5 3% i XLl 18 5
2538 AL 8 A S i 3 S R A 1 IR R R AR AR, S A 2
T SO SCAS P R 2R LG R TR A RS T A R
UG RS A, B 42 T T K DU P L AL F1 48 4R 1K B iR
73.69%.,

2 18 IAC-V1 M TAC-V2 B4 152 45 1
Table 2 Experimental results on the IAC-V1 and IAC-V2 datasets
%)
wn ‘ , 7IAC—V1 . 7IA(‘,7V2 :
RS kS BHEF F1 xR LR RS BE % F1
Att-LSTML19] 71.50 71.55 71.50 71.52 75.23 75. 30 75.23 75. 26
CNN-LSTM-DNNL15] 63.42 63.92 63.42 63. 67 73.42 73.62 73.42 73.52
MAIRNE3H 64.75 65.72 64.75 65.23 74. 36 74, 40 74. 36 74,38
SIARNE31] 71.50 71.58 71.50 71.54 74.95 74,94 74.98 74.96
SMSDL?] 61.92 62.13 61.92 62.02 73.08 73.11 73.08 73.09
SMSD-BiLSTMES] 61.17 61.25 61.17 61.21 70. 25 70. 29 70. 25 70. 27
ADGCNE3] 66.58 66.61 66.58 66.59 75.08 75.12 75.08 75.10
DiDuGAT 73. 00 72.85 73.01 72.93 77.51 77. 47 77.51 77. 49

16 TAC-V1 1 TAC-V2 $d8 45 L se i 25 3 n 3k 2 prgil,
DiDu-GAT FIRERBEAL . 7 TAC-V1 4% 4E I . DiDu-GAT
B F1 444528 72.93%, W& & T AuBILSTM #y 71. 52 % fl
CNN-LSTM-DNN 9 63. 67% . 7t IAC-V2 $(#i % I, DiDu-
GAT [ F1 850388 77.49% . 4f Ho A& e 8 (4 MAIRN (%

D https://github. com/Crneyt/chinese_SarcasmDetection

74.38% -SIARN 1 74. 96 % . L & SMSD f 73. 09 Y0 ¥ &
FRTE . XEEIHI T DIDu-GAT 781 20l 18 3h 25 4 32
1% 8% B AR 09 BE T 5 DA B HG A Uk T G ST OB G R Y
ARLRR Sy BN TAC $dE At — L) 3l i B A 09 A kAR
25 K 4B T T IR AT, XS R IR BRI BT A A M DL B AL B2
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Al . rp SCPRURI K 4R 9 20 B 45 SR A 4 T L 3 SCIR ORI £
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Fig. 4 Hyper-parameter sensitivity analysis on the GuanSarcasm
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Fig. 5 Hyper-parameter sensitivity analysis on the IAC-V1
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S0 78 A X S R P B ) 5 AR HC B L R PR O R AR
TERAE I It GuanSarcasm B/, B H A7 2, B S W
T/ N A2 A AT R 5 BORE BY 24 B B8 o i B R A AR 2, iR

R R LR IR T AR 5, ) A B AL ) e R A IS
APERHAE A SO AR TR B A RS . (R TERE R 2 1H]
P P V90 O T AR R AR 5 SE B AL I X L B — T 3
RVBERL PR REF BOA R L Ul B 2 ST 038 E B 7E
NSRS W] oA 28 GBS LB TE T B R AT A B T RE S Bk
A ) 8 AT 2400 1) 60 T I I L ik A SR A Y PR RE Y S T

2% 3 DiDuGAT BAIYE GuanSarcasm | {4 {1 fll 52 56 45 1

Table 3 Ablation study results of the DiDuGAT model on
BESERE W, WE 5(d) iR . nheads 1 & J7 3k 803 Kt GuanSarcasm

700 S M TR B 2 o S O 0L L TR A R e (%

o o7 ik RS LEES EREES F1
T R RAE 7097 71. 04 70. 90 70. 97
T8 35k 43 AT O R X B S, R Rl R RO S AR ) R HBEE RaE@A® 70,16 70. 23 70. 09 70. 16
A1 2 5 S 4 07 T VR ) T B BT I h R RXREMM 7099 7.25 7073 70.99
E##%  DIDuGAT  73.69 73.72 73.66 73.69

PR T 2 H R
4.6 HEXE

oy A THT PPk 45T 280 % A e g XU A T B 4 A ST Bk L AE
GuanSarcasm,IAC-V1 fll IAC-V2 g 4 Lt 47 T R4 00
Sy . A B AR R AR, A T T AR OB AR
T3 1 FU R T8 SR 1A Rk

GuanSarcasm F(HE 45 L THRLSE IR N3k 3 s, SE4E1
DiDu-GAT R F1 3K 73. 69 % 5 1 B Bk 2 45 58 B AL
PTERE R TREZE 70. 99 % (BRAR 2. 7 AN E 4y mD . Bl BRI
JGE B Y ALAL Y F1 2 70,97 %, 5 R B HLHI AR . AR
B ) B R P RE AL FL AR 70,16 %0, 3 R WIAE T
SCURRASE I v 1 8% A5 R o DG 38 T 3l 25 58 ML i e AT 08
BPREE Ak T W RS T R X TP SR

TESE SCHR AR B S g6 S5 SRk 4 T A, B 45 38 B AL
FRE L1 T XREMER. & IAC-VI L2 BEAY F1 N
72.93% M AR EHUHBERIE F1 oA 71.23% . FFET 1.7 4
HA R IAC-V2 b X — 22BN B, 00k 77, 49 % 1
TA.T5% IR 2. TAANE L (HARE R FE WA 35
B AR b AL I R O T AL S ) kL (TAC-V
AR 70, 25% F 70. 06 % . IAC-V2 & 43 5k 74. 57 %
T4.13%) . X —Z5 AR, B SCIRR R 3k 5K 38T BRRAE
M 2 25 38 AL G896 AR 4 R [F) 15 55 0 o5 R 06 4L (5 B i 8h
AAREREEE., MM RAESUEWE T .S EH
il 2 B TH B AL Mk B Y A% 0 T kL AR R FE AN R 3 U R
AT 55 TP AR e G BUAS L 53 2 80 .

# 4 DIiDuGAT EAIE TAC-V1 M TAC-V2 54 1 #0315 fil 5 56 25
Table 4 Ablation study results of the DiDuGAT model on IAC-V1 and TAC-V2 datasets

%)
. IAC-V1 IAC-V2
3 EWME HaE  ZEE Fl kBE  RHE  BEE Pl
AN R 70. 33 70. 36 70. 14 70. 25 74. 64 74.70 74. 44 74.57
AR A DERSE 70. 00 70.12 70. 00 70. 06 74.18 74.23 74.03 74.13
T & B AL# 71.33 71. 40 71.06 71.23 74,69 74. 81 74.69 74.75
B 4h 4 A DiDuGAT 73. 00 72.85 73.01 72.93 77.51 77.47 77.51 77.49
TH S 36 25 R I L 1 JRRGE 1A /) Y 3 DL e Bl A AR HL AL Fikh i,
i) X AR TR AR AN TR 1 B 4R L Pk AR B T S AR B S ER A A BN, AE B 6 Y5 — A AT X T AL R 8 Y
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ARG U AT: 45 v 0 353 A B R B R T R e Sk LT
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Fig. 6 Attention visualization on Chinese dataset
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