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Uncertainty Quantification for Multimodal Retrieval 
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• Current UQ methods are insufficient for accurately estimating uncertainty in RAG systems 
• Effective UQ must jointly model all uncertainty sources and their interactions 
• LeMUQ introduces a white-box, trainable approach for Multimodal RAG that estimates uncertainty 

through input perturbations
• LeMUQ achieves state-of-the-art UQ performance and demonstrates strong generalization across 

settings, with ablation studies confirming the effectiveness of its design
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§ Learnable Multimodal Uncertainty Quantification Method (LeMUQ)

§ UQ for LLM

§ Uncertainty Quantification (UQ)
A task aimed at assessing the reliability of model outputs by measuring the 
degree of uncertainty (or lack of confidence) a model has in its predictions

(RQ1) LeMUQ Performance (RQ2) Out-of-Domain Generalizability

(RQ3) Impact of Probability Components

Across Retrievers

Across Datasets

Across VLMs

Main Idea: The more diverse the outputs are, the more uncertain the model is
Score Function: Quantify the generations to uncertainty / confidence score

A model that retrieve relevant external knowledge across multiple modalities, and 
integrating it into the generation process, thereby improving the factual 
grounding, accuracy, and trustworthiness of the model's outputs

§ MultiModal RAG

Reliable UQ requires modeling all sources of uncertainty and their interactions
In multimodal RAG: the retriever, the generator, and the interplay between their inputs


