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Change in F-1 score,

— Explore the linguistic reasons behind the behavior and use the results to improve frameworks
in terms of guidelines for structure and wording

— Repeat the experiments for more models, prompts and definitions to generalize the results
with the help of significance testing

RQ2: Do broader or more concrete real-world-inspired definitions better support LLM
alignment?

RQ3: Do samples associated with the hate speech components present in a real-
world-inspired definition benefit from including that definition in the prompt?
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