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Subspace Rectification for Trustworthy MLLM Decoding

Background and Objective. MLLMs often create object hallucinations 

due to over-reliance on language prior overriding weak or ambiguous 

visual evidence.
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• We identify Manifold Departure as a geometric failure mode of linear, 

training-free prior suppression, explaining why such methods can 

degrade performance even when priors align with vision. 

• We propose MGAP, which learns a language-prior subspace from blind 

states and applies adaptive, subspace selective projection to suppress 

hallucinations without disturbing orthogonal semantics. 

• Experiments on POPE and CHAIR show that MGAP achieves stronger 

trade-offs between hallucination mitigation and descriptive fidelity than 

prior training-free decoding baselines.
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POPE Evaluation. Main results on the POPE benchmark. MGAP 

consistently outperforms training-free decoding methods.

Inference Efficiency Comparison. MGAP is 

significantly more efficient than CD baselines.

CHAIR Evaluation. MGAP significantly reduces hallucination while maintaining 

competitive precision and F1.

AMBER Evaluation. MGAP consistently 

outperforms well.

The Dual Role of Priors. 

Priors serve as anchors (yellow banana) and induce hallucinations (blue 

banana).

Structure-agnostic linear prior suppression push hidden state towards low-

density regions, disrupting valid semantic configurations.

The results demonstrate that MGAP generalizes beyond binary question answering 

to open-ended captioning tasks.
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