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Motivation
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Training Stage: Train the MLLM to evaluate the importance  Selection Stage: Select data with diversity adjustment   

Training Stage: Train a CoIDO Scorer with �% random data Selection Stage:  Select data via CoIDO Scorer  
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Data Importance: Whether data sample is valuable and informative (e.g., detailed caption, high resolution) 

Data Diversity: Whether subset is diverse (including various tasks and domains) 



Method (framework)
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Method (loss function)

 Maximum Likelihood Estimation by homoscedastic uncertainty

For importance objective: 

we use Taylor expansion:

For diversity objective: 

Coupled Optimization:



Experiments (overall performance)

MLLM Training Data Cost: the proportion of data used to train the selection model relative to model fine-tuning. 

 COIDO outperforms all competitors in terms of both efficiency (lowest training FLOPs) and aggregated accuracy 



Experiments (ablation and parameter study)



Experiments (generalizability and transferability)

Generalizability:  the ability of the proposed data selection frame work to be directly applied to other models or datasets. 

Transferability:  whether a CoIDO scorer trained on one domain can be reused to select informative data in another,
 out-of-domain corpus. 
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