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Motivation
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Image Caption: a map showing the current state of the storm

Figure 1: An example of sarcasm along with the corre-
sponding image and different types of external knowl-
edge extracted from the image. The sarcasm sentence
represents the need for some good news. However, the
image of the TV program is switched to bad news de-
picting severe storms (bad weather) which contradicts
the sentence.
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Feature Representation
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Pandas are always positive about eating bamboo shoots

I

Pandas always maintain a positive attitude towards
consuming bamboo shoots, which brings them

happiness
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Pandas are always positive about eating bamboo shoots  happy /
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Method
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Experiments
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Table 3.2 Comparison results for sarcasm detection (%).< Table 2: Comparison results for sarcasm detection. 7
- indicates ResNet backbone and  indicates ViT back-
B Wz REe FEEO Fle bone.
a Model Acc(%) P(%) R(%) Fl1(%)
TextCNN« 78.06<"  73.30<"  77.20<" 73.54< TextCNN | 80.03 7429 7639 7532
Bi-LSTM 8190 76.66 7842 77.53
a
Ak Bi-LSTM¢’ 8020 75.66< 7540 76.21¢ Text SMSD | 8090 7646 75.18 75.82
a BERT 83.85 78.72 8227 80.22
BERT« 81.75« 76.62< 81.82«< 78.20« fiiize Image 64.76 5441 70.80 61.53
. 2 ViT 67.83 5793 70.07 63.43
ResNet’ 64.01<  53.90< 71.23< 60.79< HFMT 8344 7657 8415 80.18
&4 < . D&R Net! | 8402 77.97 8342 80.60
m@ 68.32< 54.91< 71.05< 62.2I3<—' Att-BERT 86.05 80.87 85.08 8292
. Multi-Modal InCrossMGst | 86.10 81.38 8436 82.84
HFM< 8344 7657  84.157 80.18¢ CMGCN! | 8654 - - 8273
Ours' 87.02 8297 8490 8392
< Ours! 87.36 81.84 8648 84.09
InCrossMGs«’ 85.57¢ 81.26<  84.32< 82.14«
. Table 3: Results of different knowledge types.
E2LFN CMGEN 85.63¢ - - 82657 Knowledge Type Acc(%) F1(%)
HKE < 85.92¢  81.40¢  84.93< 83.13<" __ wloexternal knowledge | 87.36  84.09
o Image Attributes 86.43  83.30
RDKG (Qwen)<’ 86.68< 82.81<  85.04<' 83.91« ANPs 86.35 83.54
a Image Captions 88.26 84.84
RDKG (MiniGPT4)«<|  86.39¢ 82.49<  84.62<' 83.55« Image Captions (w/o image) | 86.60  83.28
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