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l EXp erim ent Distilled 1.5B Models Average AIME24 MATH-500 AMC23 Minerva OlympiadBench :
: DeepSeck-R1-Distill-Qwen-1.5B 489 288 828 629 265 433 I
| Still-3-1.5B-Preview 516 325 844 667 290 45.4 :
[ Qwen-2.5-Math-7B 82.5 Open-RS11 53.1 33.3 83.8 67.5 298 50.9 :
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i 5 507 L | Qwen2.5-Math-7B (no template)* 38.2 0.2 69.0 45.8 21.3 34.7 I
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i 23.7 SimpleRL-Zero-7B (Zeng et al., 2025)* 46.6 26.7 78.2 60.2 27.6 40.3 1
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