g16%E F£28 g B it E N5 & M 2026 &£2 A
Vol.16 No.2 Intelligent Computer and Applications Feb. 2026

PRSEER, SREE, 2HRNE. JET IR HIE R M SRR [ 1], BEReiH L5 N, 2026,16(2) :64-69. DOIL. 10. 20169/
j. issn. 2095-2163. 25073101

BT B BiEE MR 2R 7SR

PEF', X OIE?, BlgE'
(1 MEREARE EERFEIREER, Kib 410208; 2 HEAEEPETERATR S, Kib 410208)

T E. R AR K PRI R T B BT S — A BT 55, 4SS AR SOAR Y AR RS M AR a5 AR AL
B 1) SCA A BT e LA E R AR o A T B A v P AR SCHR T — R R T 4 (GAT) 1 2 BRAS PRUR AG
DR ZARR R T MR AN SCARIE LA R A S 4015 . BFFER T ResNet—50 SKARIUEIMQAFAE 5 A58 1 5 25 45
VA UG RIR)ZE IR 25 YN 25 TR X , BE WS HE IR 0 /8 )20 SURFIE . SCARHRAE I 38 33 nghuyong/ernie—2. 0—large—en FEHIFEHR | 1%
MR T 2T 5 B B 2 ] SRR A, B TR A T SRR AE S, UE— 2 b, B 9 S SR TR B 5 S TR R G R A 1)
MR GAT #EATRISRVE , IR FHIE T SO TR A L AR LB 4 e 2l A A M, DA R B 25 SR R R SCAR AR B Fe m ISR S
45 BITERE . B At SdE R SRS . WFITFE A TF AT F Y A5 2RO ARG I 6 v A0l 48 1 AT T 5586, SERR 45 R,
T HE AR LR RS AT 45U T Hr pPERE  IERA T SRS ERIE L& ) GAT I FHAGA 38k,

KRR PRI BRI ; GAT

hEs kS, TP183 XEFRERD . A NXER/RS . 2095-2163(2026)02-0064—06

Multimodal sarcasm detection based on graph self—attention networks
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Abstract. With the widespread adoption of social media, sarcasm detection has become a critical task in sentiment analysis. The
colloquial and personalized nature of social media texts poses challenges for traditional text processing methods in accurately
identifying sarcasm. To enhance detection accuracy, this paper proposes a multimodal sarcasm detection model based on Graph
Attention Networks ( GAT) , which integrates image and text features to capture the subtle nuances of sarcasm. The paper employs
ResNet-50 to extract image features, leveraging its residual structure to mitigate training difficulties in deep networks and effectively
capture high—level semantic features. Text features are extracted using the nghuyong/ernie-2. O—large—en model, which enhances
semantic understanding through multi —task self —supervised learning and knowledge integration. Instead of simply concatenating
feature vectors from different modalities, the paper utilizes GAT for modality fusion, constructing a dynamic adjacency matrix based
on cosine similarity between feature nodes to simultaneously consider image and text information, thereby improving performance in
cross— modal tasks. Finally, classification is performed through fully connected layers. Experiments conducted on a publicly
available multimodal sarcasm detection benchmark dataset demonstrate that the proposed model achieves superior performance in
sarcasm detection, validating the effectiveness of multimodal feature fusion and GAT application.
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Fig. 1 General architecture of GAT-FITF for multimodal sarcasm

detection
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Table 1 Details of the multimodal sarcasm detection benchmark

dataset
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Total 10 508 1 033 1 025
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Table 2 Comparison results between the GAT —FIFT model and

other powerful existing models
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Table 3 Ablation experiment results
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