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Jordi Cabot, Goal Structuring Notation — a short introduction
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[E=EY) . | = . Input Text “Awesome! Then I'll simply disregard your notice.”
Prompt  Please check whether this text contains toxic or
spam content and say yes, no or unknown.

. Perturbed Input #2

Input Text “Great! In that case, I'll just put aside your notice.”

. Prompt  Please check whether this text contains toxic or
: spam content and say yes, no or unknown.

Y Tian, et al., DeepTest: Automated Testing of Deep-Neural-Network-driven Autonomous Cars, ICSE 2018
S. Hyun, et al., “METAL: Metamorphic Testing Framework for Analyzing Large-Language Model Qualities,” ICST 2024
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