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Geometric-Mean Policy Optimization
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Observation: GRPO(top) suffers from unstable policy updates due to outlier token rewards, which lead to

extreme importance sampling ratios.

Solution: GMPO(bottom) replaces the arithmetic mean with the geometric mean to suppress outliers,
resulting in more stable optimization and improved performance.

Language Model | AIME24 AMC MATH500 Minerva Oly. | Avg. Multimodal Model | Geometry3K MoE Model | MATHS500
GRPO-1.5B Shao et al. (2024) 233 494 75.2 25.7 39.0 | 42.5 GRPO-7B (Shao et al., 2024) 53.3 GRPO-32B (Shao et al., 2024) 94.6
GMPO-1.5B (Ours) 20.0 53.0 776 301 387 | 439 R B Sutlfo s (0 il
(b) Geometry3K benchmark. (c) MATHS500 benchmark.
GRPO-7B Shao et al. (2024) 40.0 59.0 834 324 41.3 | 512
GMPO-7B (Ours) 43.3 61.4 82.0 33.5 43.6 | 52.7 Agentic Model | Pick Look Clean Heat Cool Pick2 | ALL
GRPO-7B Shao et al. (2024) (R1-Distill) 433 67.5 89.0 39.7 56.7 | 59.3 GRPO-1.5B Shao et al. (2024) | 85.3 53.7 845 782 597 535 72.8
GMPO-7B (R1-Distill, Ours) 46.6 78.3 914 37.9 62.5 | 63.4 GMPO-1.5B (Ours) 931 78.6 81.0 832 821 895 | 8.9
(a) Five mathematical reasoning benchmark. (d) ALFWorld benchmark.

Results:

GMPO consistently outperforms GRPO across
Language, Multimodal, Mixture-of-Experts, and
Agentic models, demonstrating performance
gains across diverse scenarios and tasks.
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