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Experiment Results
• Natural Language Understanding (NLU) models often 

suffer in Out-Of-Distribution (OOD) settings.
• Most of previous debiasing methods rely on the known 

bias and sample reweighting.
• What we target: a debiasing method without sample 

reweighting for unknown bias.

Motivation

• Taking NLI as example, we analyze the vulnerability 
of model from the view of causality.

• The unveiled crux is confounding bias and a common 
solution for de-confounding is intervention with two 
implementing challenges: the confounder C is 
unobserved multifactorial.

• For the first challenge (unobserved confounder), we 
propose to automatically stratify the data into 
environments by maximizing the difference of data 
across the environments.

• For the second challenge (multifactorial confounder), 
we propose bottom-up intervention for multi-granular 
de-confounding.
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• We explore how to improve the robustness of NLU models under OOD setting, and propose a bottom-up automatic 
intervention method.

• The experiment results demonstrate the superiority of our method over state-of-the-art methods on three benchmarks.

Conclusions

Our method named Bottom-up Automatic Intervention 
(BAI) outperforms the SOTA debiasing methods based 
on bias model and sample reweighting on three different
tasks and OOD settings.. 

Solution Architecture

• The ablative studies on different stratifying methods
(left figure) demonstrate that the proposed automatic 
stratification is superior to rule-based alternatives.

• The ablative studies on different orders of partitions
show that the bottom-up order for intervention is better
than other orders.


