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Motivation: Contextual Incongruity Causes Recognition Failures

• LVLMs achieve strong VQA and captioning results, but still suffer from object misidentification 
and object hallucination.

• Existing benchmarks often preserve object–context compatibility. This paper studies the high-
uncertainty case where ROI evidence

• This paper studies the high-uncertainty case where ROI evidence mismatches with contextual 
priors.



Motivation: Problem Formulation and Controlled Evidence

𝑃 𝑎 𝑞, 𝐼), 𝑎 ∈ 𝑦𝑒𝑠, 𝑛𝑜 , 𝐼 = (𝑅𝑂𝐼, 𝑐𝑜𝑛𝑡𝑒𝑥𝑡)

Binary existence query

• 𝑞: question; 𝐼: image; 𝑅𝑂𝐼: region of interest containing the queried object.

• In normal benchmarks, ROI evidence and context priors usually agree.

• In contextual incongruity, local evidence and scene priors were mismatched:

• Present but unexpected object: model may answer no.

• Absent but plausible object: model may answer yes.



Label “Yes” Questions

Method Part 1: LLM-Guided Positive Question Construction



Label “No” Questions

Method Part 2: CLIP-Guided Negative Question Construction



• Fine-tune Qwen3-VL-8B-Instruct on 600 ORIC-style binary questions using verifiable rewards.

Method Part 3: ORIC-Driven Uncertainty Mitigation

• Reward combines answer correctness and output-format compliance:

𝑟𝑖 = 𝑟𝑎𝑐𝑐,𝑖 + 𝑟𝑓𝑚𝑡,𝑖

• Group-normalized reward:
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• GRPO optimizes relative sample quality without a PPO-style critic.

• R1-style prompt forces explicit reasoning and verifiable final answer:

<REASONING> … </REASONING> <SOLUTION> yes/no </ SOLUTION >



• Build ORIC-Bench from MSCOCO validation images.
• Images: 1,000; Questions: 1,000 yes and 1,000 no.

Experimental Method: Design and Process

• For each selected image pair:
• generate present-object queries using LLM-guided sampling;

• generate absent-object queries using CLIP-guided sampling.

• Evaluate 18 LVLMs and 2 open-vocabulary detectors.

• Use four prompt variants for LVLMs:
• “Is there {object} in the image?”

• “Does the image contain {object}?”

• “Have you noticed {object} in the image?”

• Can you see {object} in the image?”

• Report macro precision, recall, F1, class-wise metrics, and yes-prediction proportion.



Experimental Results: Main ORIC-Bench Performance

• Qwen3-VL-8B-Instruct achieves the best overall F1: 79.55.

• Even GPT-5 remains below 80 F1, showing persistent difficulty.

• Detectors are competitive but weaker at holistic absence reasoning.

• Performance drops across object sizes and model families, indicating that contextual incongruity, 
not only scale, drives uncertainty



• Approach: Visual-RFT (GRPO + verifiable rewards)

• Fine-tune Qwen3-VL-8B on 600 ORIC-style training samples

• Visual-RFT mitigates uncertainty-driven errors

• More aligned with human reasoning

• Strong generalization

Experimental Results: ORIC-Driven Uncertainty Mitigation



• Dataset scope: ORIC-Bench is constructed mainly from MSCOCO; broader domains remain underexplored.

• Binary setting: current questions focus on yes/no object existence, not open-ended recognition or localization.

• Mitigation scale: Visual-RFT uses 600 samples; stronger training regimes and larger incongruity datasets may 
further improve robustness.

Deficiencies: Limitations of the Current Method



• Extend ORIC to more diverse datasets, including indoor scenes, robotics, medical images, and long-tail 
categories.

• Improve training with larger ORIC-style data and human preference signals.

• Apply contextual-incongruity evaluation to safety-critical embodied AI and robotics.

Future Research: Improvement Directions



Thank You

ORIC shows that contextual incongruity is a major source of uncertainty in LVLM object
recognition, and ORIC−style Visual−RFT can improve robustness

Key Takeway

https://github.com/ZhaoyangLi-1/ORIC
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