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charming and quirky in her feature

Classify the text into “positive” or “negative”.

Return as JSON with key “sentiment”.
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Classify the text into “positive” or “negative”.
Return as JSON with key “sentiment”.
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Prompt

Return a VALID JSON object with key “sentiment”.
Return sentiment must be “positive” or “negative”.
Do not say anything other than JSON object result.
There is no “neutral”, “mixed” answer.

Answer must start with ‘{.

Classify the sentiment of the sentence “is funny , charming

and quirky in her feature film acting debut as amy ”

Model Answer (dolly-v2-12b)

{“sentiment”: “positive” }
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Prompt

Return a VALID JSON object with key “sentiment”.
Return sentiment must be “positive” or “negative”.
Do not say anything other than JSON object result.
There is no “neutral”, “mixed” answer.

Answer must start with ‘{".

Classify the sentiment of the sentence “being neither ”
INVALID ANSWER: {“sentiment”: “-1”}

VALID ANSWER:
Model Answer (dolly-v2-12b)

{“sentiment”:
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