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Abstract

Stance detection is a crucial research direction in natural language processing, aiming to determine the author's
supportive, opposing, or neutral attitude towards a specific target. To address challenges such as complex linguistic
expressions, insufficient domain-specific knowledge, and weak model generalization in social media contexts, this paper
proposed a stance detection method named KABERT, based on knowledge augmentation and adversarial training. The
method integrated the advantages of generative and discriminative models. A generative model was first used to extract

deep semantic relationships between text and the target from the perspectives of keywords, implicit sentiment, and
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rhetorical devices, generating implicit knowledge. Then, a discriminative model was used as the classification backbone

network for supervised fine-tuning, and a fast gradient method was introduced for adversarial training. Experiments

were conducted on two standard stance detection datasets, SEM16 and P-Stance. Results show that KABERT achieves

Macro-F1 scores of 68.85% and 79.24% respectively, outperforming current mainstream approaches by varying margins,

demonstrating the effectiveness of the proposed approach.
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( Promptifif
Assuming that you are a social expert, you are given a short Passage of {dataset description}
below, please think step by step, extract the keywords in the passage, analyze the author's implied
emotions, rhetorical devices, etc., finally briefly analyze the author's stance on the Target, paying
attention to giving the process of analysis without giving the conclusion.
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