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BOTTOM LINE

Same or better accuracy,
upto 70% fewer reasoning tokens.

NO FINE TUNE REQUIRED

Batch prompting improves reasoning performance without
requiring fine-tuning, making it a simple and efficient drop-in

« !, WHY THIS MATTERS

- = Large Reasoning Models (LRMs) are powerful, but they often Batch prompting suppresses overthinking, making reasoning
overthink, wasting thousands of reasoning tokens and sometimes models substantially more efficient without changing the model

even hurting accuracy through self-doubt loops. itself. strategy for existing models.
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