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Research Background

- Minimimum Bayesian Risk Decoding (MBR) emerges as a promising 

decoding technique to best leverage the potential of diverse decoding 

paths.

- The core idea is majority voting, which takes multiple hypothes and 

combines them together. 

- It is originally introduced in machine translation, but is now widely 

adopted in large language models, e.g., self-consistency for chain-of-

thought prompting.

https://campus.datacamp.com/courses/chatgpt-prompt-engineering-for-developers/advanced-prompt-
engineering-strategies?ex=10



Research Background

- Label smoothing is shown to be beneficial for various tasks, by improving the 

generalization.

1. Szegedy, Christian, et al. "Rethinking the Inception Architecture for Computer Vision." 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR). Vol. 2016. 
IEEE, 2016.
2. Chen, Mia Xu, et al. "The Best of Both Worlds: Combining Recent Advances in Neural Machine Translation." Proceedings of the 56th Annual Meeting of the Association for 
Computational Linguistics (Volume 1: Long Papers). 2018.

ImageNet Performance, Table 3 of Szegedy et.al, 2016. MT Performance with beam search, Table 4 of Chen et.al, 2018.



One Curious Phenomenon

- However, models trained with label smoothing works poorly with MBR!!



Analyses

- Why?

Label smoothing only introduces slight 
changes in token-level distribution, as 
intended.  



Analyses

- Why?

However, in sequence-level, it causes 
much probability placed on low-quality 
candidates!!!!

Auto-regressive modeling and 
label smoothing together cause 
this phenomenon.



Analyses

- Entropy correlates perfectly with the performance. 



Solution

- Thus, we provide a principled post-training approach to mitigate this problem. 

- By theoretical derivation, temperature rescaling on MBR candidate generation can 

reverse the operation of label smoothing. 



Experimental Results

Extensive experiments show that our 
approach can effectively restore the 
results for label smoothing models!



Conclusion

- We first notice a curious phenomenon that label smoothing, which 

performs well for various tasks and beam search, performs poorly with 

minimum bayesian risk decoding.

- We analyze the effect from both token-level and sequence-level 

distribution, revealing a small perturbation in token-level results in a 

huge disparity on sequence-level. 

- We propose a principled post-training approach called DC-MBR to 

effectively mitigate this issue, and empirically prove its effectiveness. 


