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Results
Linguistic Differences. Various linguistic differences exist
between human-written and Al-generated counterspeech.

Evaluation Methods
» Human Likeness. It evaluates whether Al-generated
counterspeech  closely resembles human-like

Abstract

Counterspeech to hate speech (HS) is a targeted
response to counteract and challenge abusive or

hateful content. Evaluations of generated responses. We fine-tune BERT-large-based models The trend Is consistent across most groups, except the
counterspeech focus on the relevance, quality, and and perform human annotation to conduct Fine-tune group. Counterspeech generated by Fine-tune
other linguistic characteristics. Few have authorship identification. tends to be more human-like, exhibiting distinct linguistic
investigated the human likeness of generated > Politeness. It assesses the degree of respectfulness patterns compared to other Al-generated groups.
counterspeech. Counterspeech that closely mimics and courtesy in counterspeech. We build a politeness
human expression is more likely to resonate with prediction model and conduct a human evaluation to
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likeness of counterspeech and investigate factors » Linguistic Differences. We apply SEANCE to analyze Textual factors
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crafting counterspeech. More human-like
counterspeech tends to be more effective and Table 1. Model performance of differentiating Al-generated and human-
ser-satisfied written counterspeech across different methods. Table 3. Linguistic analysis comparing counterspeech generated by Al and
u ) . humans across different Al-based generation methods. The up arrow indicates
» We propose to assess the human likeness of Counterspeech by Fine-tune is more challenging to higher values in human-written counterspeech. The number of arrows indicates
counterspeech to identify the distinguishability distinguish for humans, a consistency mirrored in the the ga’la)l“e of the Wilcoxon rank-sum test (one: p<0.05, two: p<0.01, and three:
between Al-generated and human-written computing-based evaluation. p<0.001).
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Al-generated counterspeech. We

) implement  several state-of-the-art

counterspeech  generation  models, O
L W), including Prompt, Select, Fine-tune,

and Constrained. We obtain a total of

54,136 Al-generated counterspeech.
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tailored response to trust in interactions with chatbots.
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Fig 1. Politeness distribution of human evaluation across different
counter-speech generation methods. Higher score means more polite.




