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Instruction: Generate a realistic text sample that contains
personal or private information relevant to the evaluation
scenario.

Target length: {min_len}-{max_len} characters (aim
for ~{target_len}).

Sensitive examples (with personal information).

e {positive_example_1}

* {positive_example_10}
Non-sensitive examples (without personal information).

* {negative_example_1}

* {negative_example_10}
Avoid generating text similar to the recent outputs.
* {recent_generated_1}

* {recent_generated_10}
Generation requirements.

* Produce exactly one new sensitive text.

* Ensure the text differs from all provided examples
while remaining realistic.

* Include explicit personal or private information con-

sistent with the sensitive examples.
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