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Sarcasm Detection Based on Adversarial Learning
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Abstract Existing sarcasm detection approaches suffer from lack of sufficient training data. To address this problem,
the authors propose an adversarial learning framework built on convolutional neural network (CNN) and attention
mechanism, which is trained from limited amounts of labeled data. Two complementary adversarial learning
approaches are investigated. In the first, by training with generated adversarial examples, we attempt to enhance the
robustness and generalization ability of the classifier. In the second, we propose a domain transfer based adversarial
learning approach to leverage cross-domain sarcasm data for improving the performance of sarcasm detection in the
target domain. Experimental results on three sarcasm datasets show that both adversarial learning approaches proposed
improve the performance of sarcasm detection, but the domain transfer based approach achieves higher performance.
Combining the two proposed approaches further improves the performance of sarcasm detection.
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Fig. 1 Convolutional neural network with attention mechanism
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Fig. 2 Adversarial learning approach based on adversarial examples
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Fig. 3 Adversarial Learning Approach based on Domain Transfer
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Table 1 Statistics of experimental dataset

it e A FHRTRE TR TR AR AR A5
Generic 3260 51.9 29 11
Rhetorical Questions 850 70.3 45 1:1
Hyperbole 582 63.3 4.0 1:1
2 ETXPREAR) TR SR A5 R
Table 2 Experimental results on the learing approach based on adversarial examples
Generic Hyperbole Rhetorical Questions
B
HidES F11H % FL{H HidIES F1 {8
CNN-Attention 0.731 0.732 0.629 0.635 0.681 0.681
CNN-Gaussian 0.664 0.671 0.585 0.586 0.620 0.621
CNN-Adv 0.767 0.764 0.654 0.654 0.711 0.711
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Table 3 Experimental results on adversarial learning models based on domain transfer

o Generic Generic -> Hyperbole Generic -> Rhetorical Questions
o e F1 (8 e F1 {1 e F1 (1
CNN-Attention (Gen) 0.731 0.732 0.591 0.577 0.590 0.539
CNN-Finetune 0.731 0.732 0.644 0.644 0.718 0.718
CNN-AT 0.765 0.765 0.704 0.704 0.732 0.723
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Table 4 Experminetal results on the models based on both adversarial examples and domain transfer

Generic Hyperbole Rhetorical Questions
R

HidTIES F1 18 HiTIES F1fH iRk F11{H
SVM(W2V) 0.730 0.575 0.680

DeepMoji 0.750
RNN-Attention 0.659 0.663 0.589 0.603 0.647 0.649
CNN-Attention 0.731 0.732 0.629 0.635 0.681 0.681
CNN-Adv 0.767 0.764 0.654 0.654 0.711 0.711
CNN-AT 0.765 0.765 0.704 0.704 0.732 0.723
CNN-AT-Adv 0.782 0.780 0.733 0.728 0.744 0.744
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