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How do we utilize large pre-trained models?
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• Foundational models are increasingly demonstrating remarkable 
capabilities over a wide array of tasks.

• Goal: Effectively utilizing these pre-trained models for downstream tasks. 
However, adapting these models via full fine-tuning presents significant 
limitations: high computational cost, overfitting, storage overhead…



Parameter-efficient Fine-tuning (PEFT)

• Techniques to adapt large pre-trained models with minimal parameter updates.

• Pros: Reduce computational cost and memory usage while maintaining 
performance, and preserving pre-trained knowledge.

• Cons: PEFT methods can lead to overconfident predictions, especially when 
fine-tuned on small datasets.
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Motivations
Our method relies on: 

• Bayesian Inference: enhances robustness, tackling uncertainty

• Flat minimizers: improve neural network generalization by helping models find 
broader local minima, making them more robust

• Distributional Robustness: a framework for learning under distributional 
uncertainty, which seeks the worst-case among a ball of “local distributions”.
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Motivations

• We also want to promote ensemble diversity

• Define the approximate posterior distribution 𝑄௄, where samples are 
concatenated models 𝜃ଵ:௄

• We learn 𝑄 so that the sampled models reside in low-loss, low-sharpness 
regions while maintaining ensemble diversity.

• Leverage DRO to alleviate training instabilities
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Interactive Bayesian Distributional Robustness

• We propose a distributional population loss where 𝑙ௗ௜௩ encourages the diversity 
among model particles
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Remark: This framework operates on the joint distribution 𝑄௄ and incorporates the divergence 
loss 𝑙ௗ௜௩, enabling us to model interactions between the particle models 𝜃ଵ:௄



Divergence Loss

• Let       be the non-maximal prediction probabilities by eliminating the prediction 
probability of the ground-truth label 𝑦

• We encourage the non-maximal predictions to diverge, while maximizing prediction 
probability of the ground-truth label.

• Motivated by the theory of Determinantal Point Processes, we define the ensemble diversity:
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Practical Method

• Define                                          and                     . With a few relaxations, the problem becomes

where

• We alternatively update 𝜇ଵ:௄ and 𝜆 with gradient descent, and update 𝜃௜
ᇱ with a gradient ascent
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Interactive Bayesian Distributional Robustness
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Experiments

Image Classification
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Experiments

Image Classification
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Experiments
Commonsense Reasoning
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Conclusion

13

• We introduce a novel Bayesian framework that explicitly models the interaction between 
particles

• We propose Interactive Bayesian Distributional Robustness, which simultaneously enhances 
ensemble diversity, generalization ability, and distributional robustness
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