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Multimodal Sarcasm Detection Method Based on Image-text Interaction and
Deep Feature Fusion
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Abstract: Multimodal sarcasm detection is to recognize users' sarcastic speech in multimodal scenarios. Most of the existing multi-
modal sarcasm recognition methods directly fuse the features after encoding, and do not pay attention to the deep features of image
and text as well as the interaction between image and text. To address the above problems, this paper proposes a multimodal sarcasm
detection framework based on image-text interaction and deep feature fusion. Firstly, using the Contrastive Language-Image Pre-
training model with Longtext capability (Long-CLIP) model, the image and text are encoded to obtain the feature representations of
the image and text, and further the cross-modal attention mechanism is introduced to establish the interactions between the image
and text features. Secondly, multiple convolutional neural networks are used to obtain the deep feature representations of the image
and text from different perspectives, and the Key less Attention mechanism is utilized to fuse the deep features of image and text

deep features. Finally, multi-layer perceptron is used to realize multi-modal sarcasm detection. The experimental results show that
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the proposed method improves Acc and F'1 by 0.33% and 0.15% respectively, compared with the existing state-of-the-art baseline

model, on the publicly available dataset MMSD2.0, which demonstrates that the image-text interaction and deep features can im-

prove the performance of multimodal sarcasm detection.

Key words: Long-CLIP model; image and text fusion; deep feature representation; attention mechanism
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Table 1 Example of multimodal sarcasm image-text for de-

scripting weather

T PSR 1] PR

K% 0
P& What a wonderful weather! 0
EZ W EUR S SeARSE S 1

X ¥ 2R 1 WAL 3 i SC A “What a wonderful
weather ! 7, AT LA R R UK AR &7, A H A
WU A B o [RIAE Y, SCAS R I A AR O — Tk
B RS K 0y Kz B R, A0 o i B8 R, ok o
HB o KU R LR (] R G e P A R SR
5B, SCAHE A B9 “ wonderful weather” 5 &%
b R s 1 B R R OE B 25, A] LA i) 2 A
R . DR, T RORT SCAR Z A B A8
H ARy H

AT 22 A58 SRR TN 1) BiF 9 0 Al A [
G TN SCAS B S B 7 75 A5 A8 X DA A B S0 AR A
BIG Z B 52 2 1 22 545 B, )R8 Qin % R H
X i E - B % I 2k (Contrastive Language—

Image Pre-training , CLIP ) & %Y ©°) X} Jz iKFE A% 3F
AT g 05, I A8 2 485 25 IR A 0 % 4 4 (Muld-
modal Sarcasm Detection Dataset 2.0, MMSD2.0)
FONEEME [ 3R-A5 T A EE RO B R 1R CLIP X
A B X 55 SCAS R BIR, Bk = X5 T B R SCA
RIZFEAE R AL o B A 22 858 28 R B 1 %k
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WA A I, Tang 45038 1 B0 2E i =X 22
RBERY A HEHE , AT 1 ¢ A A WU A 0k g
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JTIHLE B 7E I o EAR R SR Z R AE B AL
B A B AT DL - AR R R SR 2 JE]
A B OC R o FEULIERE b, 51 A B bl 28 ) 2%
( Convolutional Neural Network , CNN ) , 7k B BA 5
BMTEZRAERIR o SR 5 0 R4S i v 3 )
Yo, SCMFHIE R 78 Rl G o e, Ml 2 )2 R
1 HL (Multilayer Perceptron, MLP) , 54 2| 5 & 2
U S QR , F — 20 4 SO | R R Rl
TEAS 43 AH I, 52 B 22 A 5 KORI ARG I o A SCHE
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22 A5 25 IR AR 0 g M i o
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55, SCu g5 R R W 52 0 i R T A B
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MR Z AFAEEMER R . Cal RN T —
Tl o3 2 il W 45, 3% VR AN [R) R il )23 65 G
T 5 i SCAS B DL S UG @ 1 B AR XS ik =
P52 4 A5 BT TH SR B0 ST 2 i 1) 7 5K, K fig
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b i B EAT a4, Pan F R T — T
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Fig. 1 The multimodal sarcasm detection framework based on image-text interaction and deep feature fusion
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2 MMSD2.0 #4355 oL
Table 2 The data distribution for MMSD2.0

Datasets Split Positive Negative Total MaxLen MinLen Avglen
Train 9576 10 240 19816 66 1 13.42
MMSD2.0 Valid 1042 1368 2410 55 4 13.64
Test 1037 1372 2409 52 4 13.52
Ml %, F1 (F1 Score) J& F1 43 % . A 3C 2k A (3) 2B TT ik

Long-CLIP-L 1E JJy g % &5 , X g A (19 SCAS i 4]
1R 57 A , fE FH AdamW AE 4y 415 4k 25 Sk A AL A
T ) 200, BB R o o) R O 5X107,
A2t PR R 22 30 5, 8 B AE B S i Gk
NVIDIA 4090 GPU L # 47 Il % , Jf 78 4>
NVIDIA 4090 GPU L #4713 .

3.3 E&IRE

M Z /i TAE, A SO Ik S
MMSD2.0 - ) R A A 00 f) B A5 25 05 7 0 22 A
AL AT R, T T 2 B SR LA

(1) 8l SCA N J7 %

SCA B TP 22 ) 2% ( Text Convolutional Neu-
ral Network , TextCNN) : i% J5 ik & — Ff 3t T &
FEURR 28 X 28 B SCAR A W 4177

M) kW id 2 M 4% (Bidirectional Long
Short-term Memory , BILSTM) : i% 75 i& & — Fh
FH T SCAS 4325 9 1) & B T 12 o 4518

DB JC o ) 4Gz I A% Y (Self-matching Sar-
casm Detection model , SMSD ) : 1% J7 15 & —Fh
T IR ASE N 149 ARG Bk A2 Pl [ DC FE ) 25110

Fa i 4 b 19 BERT i Il 2k J7 ¥ ( Robustly
Optimized BERT Pretraining Approach, RoBER-
Ta) : i J7 k& — & AL #9 BERT Il 2k
AL

Wk A BY i A Y (Chat Generative Lan-
guage Model , ChatGLM) : % J7 % 42 %& T i ] i
R AU AE SR ) I R F AR, B 62424
ZH

LLaMA2-7B : iZJ5 ik — D HA 7101442
) W 2k i ALY RO AL

(2) 2l BMR J7 i

ResNet : 1% J7 i F H w4k )2 7= A4 19 B & ik
P, 3Rl R R

P % 4 2% (Vision Transformer, ViT) : 1%
J7 15 & — Fh U 25 A9 056 Transformer #5281

JZ IR fil & #% B (Hierarchical Fusion Model ,
HFEM) : iz H ik & — N 2B AR A& W5 )2
[ S

= 7 8 3 1) BERT (Attention-Augmented
BERT , At-BERT) : 3% J7 i 2R HI A 1 & Ak i
P51 NI G = 7 B N 1 N s 1 I s 1T N ) O 5 i
28

5 RS B B B M 4 (Cross—modal Graph
Convolutional Network , CMGCN) : % /7 ¥ & —
ol S 7 J3E P i A S TR A SR A AR R e R

g7 2 — B0tk # R 5 0 iR 3 58 (Hierarchical
Congruity Modeling with Knowledge FEnhance-
ment , HKE) : 1% 05 %4 2 T 70 2 B HE 4,
It 25 4 BB Ar A A1 3 0 3R 1 AT 22 8 2 KU
LRl

DynRT-Net : % J5 i J& — F 85 &5 % i Trans-
former M & , FI >k N 145 A SCAS v 4l 2R IR
&R,

Multi-view CLIP: % J5 ¥ | i % T CLIP i
FEZE, NG L SCAS I EIAR - SCA 58 H = A A A
PEAT Z2 A5 A NI A

H T 2 B8 KA AL J7 ¥ (Based on Multi-
modal Large Models , MLLLM-Based ) : i% J7 ¥ /&
— A3 T ROE F B AL Y AR a2 2 AR A M) AR
RT3 S A Y Ty KOk A T 22 AR A KR A
%

34 BEBRXWHERSH

A SOR P B R B 5 L RIS Z RIS
PR B 45 MMSD2.0 _E iE 47 % He 52 6, e &%
W 3R, H, s n g5 L ks
7N, R7 FROoR A BLIP 3515 KR 0 45 8, 8 15
) 1 G AR A A 0 A 5 A 2 R AR

FHESRNINVY. 3\

(1) 5 BA 0y LA B AH L, A SCHR MY i 5k
T SC A HRNIR )2 R AE il G i YRR A
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Table 3 The comparison of experimental results between the

proposed method and the baseline method

i
B Tk Ace/%  PI%  R/I%  FU/%
S
TextCNN 71.61 64.62 75.22  69.52
BILSTM 72.48 68.02 68.08 68.05
SMSD 73.56 68.45 71.55  69.97
) RoBERTa 79.66 76.74 7570 76.21
A

ChatGLLM2-6B 78.41 78.15  78.65  78.23
ChatGLM2-6B* 80.08 80.52  81.04  80.04
LLaMA2-7B 82.52 82.15 8246  82.27
LLaMA2-7B* 84.68 8440 8494 84.53

- ResNet 65.50 61.17 54.39 57.58

ViT 72.02 65.26 74.83  69.72

HFM 70.57 64.84 69.05 66.88

Att-BERT 80.03 76.28 77.82  77.04

CMGCN 79.83 7582 78.01  76.90

o HKE 76.50 7348  71.07  72.25
EZ S

DynRT-Net 71.40 71.80 72.17  71.34

Multi-view CLIP 85.64 80.33  88.24 84.10
MLLM-Based 86.43 87.00 86.30  86.34

Ours 86.76 86.52 86.46  86.49

TE Ace A1 F1{H P BUAS T 40 Je ik BE, A T H
T e 4 1 P RE AT 0.33%0 F10.15% My F+ . X %
BH AR SCRT 2 57 1 S B 28 B e D ROR TR
J2 R AE N B - S 2 A A KU A I rh R
LAY -

(2)fdi H BLIP 3K 15 B & b5 2, I 6 B 15 b
AR A L5 A BB A 4y RS, 7 4l SCA Jr ik
o, OIS T SR i R S, X U BT[RBT
SCAAR BRI SE A7 B B8 % T 4 3 B2 20 ORI (5
B WE S T ST AN RS 2 A B 5 L
B,

(3) A 3CH H 1 A5 78 A 58 1S fif T SCAR 1Y
T 2 AU FH AR 09 07 2%, 2 HE0 %8 (Ace) A
2 (P) AR (R) UL K F1 480 (F1) ¥4 8
KAE T, PR tA by 3k A SC 3 T 19 HE 22 RE 65 2
SN RS Z ) B A5 R A8 HL, A5 R RE 6% T A 2L
b 3 A 5 RS RIE Z R X R

(4) A SCHRE B 0 B AU AR B8 F H A e e b
Z AT (MLLM-Based ) 78 #E 7 R ( Ace ) .
Wl (R) VLK F1 4380 (F1) ¥ 47 — 22 Wi B ) 4
Tt o B BLAR SCIN N 78 Z BT 55 v, il 0 2 57
G FN SCA 2Z 8] 45 B A2 HL, [R) B 1 S R

SCAS TR JZ FRAE , g % O 47 b 8 A5 [R1 450R SCAR
S IR DR DS B 7 N W S
2 Tt Zo AL 2 YRR AG: T 1) P E
3.5 THRERSCIG
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Table 4 The experimental results of the ablation

Model Acc/%  P/% R/% F1/%
Our 86.76 86.52 86.46 86.49
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