
Multimodal Prompt Optimization:
Why Not Leverage Multiple Modalities for MLLMs



Motivation: Beyond Text-Only Prompt Optimization
- Prior automatic prompt optimization has largely been developed for text-only prompts.

- However, modern MLLMs can reason over images, videos, molecules, and other modalities.

- In many tasks, critical context is easier to convey through non-text inputs than through language alone.

- As a result, optimizing only text fails to fully leverage the multimodal capabilities of MLLMs.
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From text-only to multimodal prompt optimization



Problems and Challenges
  Problem Definition
  - We define a multimodal prompt as a pair of a textual prompt (t) and a non-textual prompt (m).
  - The goal is to optimize both prompts jointly to maximize task performance.

  
  Challenge 1: Cross-modal alignment
  - The textual and non-textual prompts must provide consistent and complementary information.
  - If they are optimized independently, they can easily become semantically misaligned.

  Challenge 2: Efficient search in a much larger space
  - Joint optimization over multiple modalities greatly enlarges the prompt search space.
  - High-performing prompts become sparser, making candidate evaluation more costly and less reliable.
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Methodology: Multimodal Prompt Optimizer 4

Alignment-Preserving Exploration
  - MPO first analyzes failure cases and produces a 
unified feedback signal for modality-specific generator.
  - This shared feedback is used to update both the textual 
prompt and the non-textual prompt simultaneously.
  - By coupling the updates, MPO preserves cross-modal 
consistency during optimization.c

 Prior-Inherited Bayesian UCB Selection
  - Evaluating many multimodal prompt candidates is expensive.
  - MPO uses the parent prompt’s performance as an informative 
prior for its children.
  - This warm-started selection process allocates evaluation 
budget to more promising candidates.



Main Results: Multimodal Prompt Optimization Outperforms Text-Only Methods

Overall Performance
- MPO achieves the best average performance across image, video, and molecular benchmarks
- Representative improvements are observed on CUB (76.4 vs. 69.0) and Drive&Act (76.7 vs. 71.4).

Efficiency of Prior-Inherited Bayesian UCB Selection
  - Prior-inherited selection substantially reduces search cost: 42% less budget than w/o Prior, 52% less than standard 
UCB, and the same performance as Uniform with only 30% of the budget.
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MPO outperforms text-only prompt optimization methods (e.g., ProTeGi, SEE). Efficiency of Prior-Inherited Bayesian UCB



Why Does MPO Work?
  - Text-only optimization improves instructions, but remains limited to linguistic guidance.

  - In many tasks, critical evidence is easier to convey through non-text modalities than through text alone.

  - Joint multimodal optimization provides both clearer task instructions and richer task-specific evidence.

  - As a result, the textual and non-textual prompts reinforce each other and guide the model more effectively.
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Qualitative examples of the optimized multimodal (image and text) prompts. Better cross-modal alignment leads 
to larger performance gains.



Conclusion
  - We introduce the new problem of multimodal prompt optimization.

  - MPO addresses it with alignment-preserving joint updates and prior-inherited Bayesian UCB selection.

  - MPO consistently achieves better performance and greater search efficiency than text-only prompt 
optimization methods.

  - Our main takeaway is that we should extend the prompt optimization space beyond text to fully 
leverage the capability of MLLMs.
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Example of image prompt optimization process on the CUB dataset.
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Thank You!


