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The Challenge: MLLM Hallucination

Multimodal Large Language Models (MLLMs) demonstrate

impressive capabilities but often generate outputs that fail to

align with the provided image, a phenomenon referred to as

hallucination.

Direct Preference Optimization (DPO) is a crucial technique for

aligning models and mitigating this issue. To better adapt DPO to

multimodal tasks, researchers have extended the original

response-oriented preference learning to incorporate vision-
oriented preference learning. However, existing approaches to

vision-oriented preference learning still suffer from significant

unresolved challenges.
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Core Limitations of Existing Methods
      

 

  
  

   

  

 
 

Limitation2: Indirect Preference Supervision

• Only utilize contrastive images as indirect
preference supervision, fail to explore the
preferred responses of these images.
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Limitation1: Non-Rigorous Objective Function

• Intractable partition functions cannot
be eliminated due to the difference in
the image input.
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Non-Rigorous Objective

Existing vision-oriented DPO methods compare different

images (𝑚𝑚𝑤𝑤 vs. 𝑚𝑚𝑙𝑙) but fail to account for canceling out the

partition function 𝑍𝑍(𝑚𝑚, 𝑥𝑥). This approach is theoretically flawed

as it deviates from the standard DPO derivation.

Indirect Supervision

Existing vision-oriented DPO methods contrast images (𝑚𝑚𝑤𝑤 vs.

𝑚𝑚𝑙𝑙) while relying on the same response (𝑦𝑦𝑤𝑤). This contradicts

the fundamental design of DPO, which is explicitly intended to

learn from preferences between two responses (𝑦𝑦𝑤𝑤 vs. 𝑦𝑦𝑙𝑙).



SymMPO
Symmetric Multimodal Preference Optimization (SymMPO)  
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We propose Symmetric Multimodal Preference Optimization

(SymMPO).

Instead of contrasting images, SymMPO contrasts their own

preferred responses within a symmetric framework.

• For input (𝑚𝑚, 𝑥𝑥), the preference is 𝑦𝑦𝑤𝑤 ≻ 𝑦𝑦𝑤𝑤′ .

• For input (𝑚𝑚′, 𝑥𝑥), the preference is 𝑦𝑦𝑤𝑤′ ≻ 𝑦𝑦𝑤𝑤.

This approach is both theory-consistent (correctly cancels 

the partition functions) and leverages direct preference

supervision.



Objective Function

The full loss function integrates standard DPO with our novel symmetric losses, designed to enhance 

multimodal alignment:

• ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝑚𝑚 (Standard DPO) : Aligns response quality using (preferred, less-preferred) pairs.

• ℒ𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (Symmetric Loss) : Serves as the core vision-oriented loss, enforcing symmetric in preference.



Objective Function

The full loss function integrates standard DPO with our novel symmetric losses, designed to enhance 

multimodal alignment:

• ℒ𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 (Margin Consistency) : Ensures preference gap remain consistent in both directions.

• ℒ𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (Anchored Loss) : Stabilizes training by anchoring the likelihood of preferred response.



Experiment

• SymMPO consistently outperforms both

standard DPO and mDPO (the previous

vision-oriented method) across key

hallucination benchmarks.

• Ablation experiments further validate the

effectiveness of each component within

SymMPO, proving the effectiveness of

individual components.



Experiment

• To investigate the impact of different types of

contrastive image pairs on the optimization

performance of SymMPO, we constructed

various types of contrastive image pairs and

conducted experiments using SymMPO.

• Based on the experimental results, we

analyzed how different image pair data

influence the symmetric preference

optimization effectiveness of SymMPO.
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