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Problem shifts from 
single-step prediction to 
multi-step agentic tasks

We hope to leverage it for vision



Visual search as an agentic task (V*1)

1 Wu and Xie, CVPR 2024



Agent uses tools to answer the question



Correct answer with unfaithful tool use



Faithfulness Evaluation



Faithfulness on V*

1Wu and Xie, CVPR 2024, 2  Su et al., NeurIPS 2025, 3 Zheng et al., ICLR 2026, 
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Faithfulness for correct answer only.

Judge only checks tool outputs.

No evaluation on reasoning tokens.
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Hypothesis: Reward design is outcome dominant and sparse



How do we incentivize vision–language models to produce 
faithful reasoning grounded in tool outputs?



Tool-Aware Policy Optimization



Reward design



Reward design

Tips:

>

Judge tool output instead of reasoning



Experiment components

● SFT + RL two stage training
● RL environment with rubrics reward
● 8 training datasets

○ high resolution
○ visual search
○ figure/chart
○ geometry

● Evaluation set
○ perception
○ reasoning
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3 Zheng et al., ICLR 2026, 4 Wang et al., NeurIPS 2025,



Main results

52

2Su et al., NeurIPS 2025, 5 Zhang et al., ICLR 2026



Faithfulness results



Perturbation study



Perturbation study

1Su et al., NeurIPS 2025, 2Zheng et al., ICLR 2026
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Ablation study



Tool-use frequency



We reveal the unfaithful tool-use pattern in visual agent.

We propose TAPO, a process-level RL framework, 
emphasize a rubric-reward system.

CodeV achieves empirical gains in faithfulness and 
accuracy.

We release the open recipe of the RL training, RL 
environment and evaluation.

Summary and contributions



Limitations and future work

Static rubrics reward is expensive and can still be hacked. 

Verifiable signal can be hard to find for general tasks.

RL algorithm only explore the GRPO, we expect more 
variants like DPO, PPO.
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