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Context-rich Sarcasm Recognition Based on DPCNN and Multiple Learning Modes Loss
LIU Chang and ZHU Yan

School of Computing and Artificial Intelligence,Southwest Jiaotong University, Chengdu 611756, China
Abstract As a richly layered and complex linguistic expression,sarcasm is widely observed in people’s daily expressions and so-
cial platforms,and correctly detecting whether a comment has ironic intent in e-commerce,event topic analysis,etc. »is crucial to
determine a commenter’s emotional tendency,attitude to the comment subject. Three types of contexts,namely,conversation con-
text,user context and topic context,have been covered to build a context-rich sarcasm detection model. To address the problem
that traditional shallow CNNs are difficult to capture sentence long-term dependencies, the proposed model introduces the DPC-
NN architecture to capture utterance remote association information and incorporates the bidirectional attention mechanism to
learn incongruity information in conversation context. Considering the small number of sarcasm types and unbalanced levels of
sarcasm expressions in realistic data samples,an asymmetric loss function with multiple learning modes is also proposed. Experi-
ments are conducted on three public and real sarcasm datasets,and the results demonstrate that the method in this paper outper-
forms the benchmark model in ACC,F1 and AUC metrics by up to 2. 5% ,and the effectiveness of each module of the proposed
model and the loss function of the multiple learning modes is demonstrated by ablation experiments,which can improve the per-

formance of sarcasm detection.

Keywords Sarcasm detection,Context-rich, Bidirectional attention,Incongruity, Asymmetric loss
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Fig.3 Weight curves example of two learning priority modes
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Table 1 Dataset statistics
Train set Test set
Dataset
Sarc Non-sarc Sarc Non-sarc

Main Balanced 128541 128541 32333 32333

Main Imbalanced 25784 77351 10778 32333

Politics 6834 6834 1703 1703
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Table 2 Experiment results
Main Balanced Main Imbalanced Politics
Algorithm

AcCC F1 AUC ACC F1 AUC ACC F1 AUC

CASCADE 78.99 78.81 85.35 81.43 73.90 86. 89 75.51 74.97 83.50
UT-BIGRU 79.57 79.51 87.08 81.28 73.59 85. 81 74.40 74.16 82.95
MHSA 80. 33 80. 32 87.98 80.42 74.40 86. 28 77.83 77.98 85.92
Our Method 81.63 81.57 89.10 81.65 76.91 88. 12 79.77 79.75 86.52
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Table 3 Experiment results of model ablation on Main Balanced
dataset
Model ACC F1 AUC
Response 69. 06 69.01 76.08
Response+ Context 69. 25 69.15 76.11
Response+ Context+ Bi-Att 69. 54 69.41 76.47
Response+ Context+ Bi-Att+ U 81.06 81.05 88. 85

Response+ Context+Bi-Att+U+T 81.63 81.57 89. 10
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Table 4 Results of different learning modes on Main Imbalanced

dataset
Learning mode ACC F1 AUC
CE 81.47 75.32 87.61
Hard-first 81. 60 76.70 88.03
Easy-first 81.65 76.91 88. 12
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