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[1] Zhihong Shao et al. DeepSeekMath: Pushing the limits of mathematical reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.
[2] Yuqi Liu et al. Seg-Zero: Reasoning-chain guided segmentation via cognitive reinforcement. arXiv preprint arXiv:2503.06520, 2025.
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[1] Zhihong Shao et al. DeepSeekMath: Pushing the limits of mathematical reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.
[2] Yuqi Liu et al. Seg-Zero: Reasoning-chain guided segmentation via cognitive reinforcement. arXiv preprint arXiv:2503.06520, 2025.



I Perception-Aware Policy Optimization (PAPO) [3] 8
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[3] Zhenhailong Wang et al. Perception-aware policy optimization for multimodal reasoning. arXiv preprint arXiv:2507.06448, 2025.



I Perception-Aware Policy Optimization (PAPO) [3] 9
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[3] Zhenhailong Wang et al. Perception-aware policy optimization for multimodal reasoning. arXiv preprint arXiv:2507.06448, 2025.
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Adaptive Perception-Aware Policy Optimization
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[4] Chang Gao et al. Soft adaptive policy optimization. arXiv preprint arXiv:2511.20347, 2025.




B Implicit Perception Loss (IP Loss) [3]
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[3] Zhenhailong Wang et al. Perception-aware policy optimization for multimodal reasoning. arXiv preprint arXiv:2507.06448, 2025.
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Low-Frequency Patch Perception Loss
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[5] Haohan Wang, et al. High-frequency component helps explain the generalization of convolutional neural networks. CVPR, 2020.
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B Double Entropy Loss (DE Loss) [3] 17
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[3] Zhenhailong Wang et al. Perception-aware policy optimization for multimodal reasoning. arXiv preprint arXiv:2507.06448, 2025.
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'what is the standard reflective object at road junctions th 'identify the personal hygiene item that is recommended
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to be replaced every three to four months'
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[6] Xin Lai et al. LISA: Reasoning segmenta
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[7] Shuai Bai et al. Qwen2.5-VL Technical Report. arXiv preprint arXiv:2502.13923, 2025.
[8] Nikhila Ravi et al. SAM 2: Segment anything in images and videos. arXiv preprint arXiv:2408.00714, 2024.
[9] Qiying Yu et al. DAPO: An open-source lIm reinforcement learning system at scale. arXiv preprint arXiv:2503.14476, 2025.
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ReasonSeg val ~ ReasonSeg test
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Seg-Zero H i5 TE
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w/ MLLM ] i 582 531 561  48.6
RL Seg-R1 3B [Neur[PSW25 608  56.2 553  46.6

63.7 26.3 60.0
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Query | the part of the pear that has been bitten by insects

inputimage  Ground Truth  GRPO -

GRPO ... There is no visible bite mark or insect damage on the pear ..

Ours | ... the small, yellowish area near the stem.
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