Not All Tokens Should Be Treated Equally:
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Multimodal RLVR gives every token the same advantage, which quietly weakens visual grounding. HICCR reassigns outcome credit to visually-grounded tokens & trajectories using intra-visual attention concentration — up to +8.0 AVG@8 over GRPO,
<3% overhead, no extra model or data.
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Setup: train on VIRL39K - Qwen3-VL-4B/8B (+ InternVL3-8B, Geo3K low-data) - 9 RLVR baselines reproduced under identical conditions - AVG@8 over Geo3K, MathVerse, MathVista, WeMath, MV-Vision, MMK12, CLEVR-Count, LogicVista, MMMU
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