GRPO 5u[85iE#)jh (RLVR / Reinforcement Learning with
Verifiable Rewards)
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Fig 1. Verifiable reward overturns a systematic error
(3 seeds, mean = std)
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Fig 2. B =0, 600 iterations: nothing collapses
(3 seeds, mean = std)
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Fig 3. Cold start: all-same groups carry no gradient (3 seeds, mean * std)
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