
Contributions
We investigate the problem of spurious correlations from a causality perspective
which has not been widely studied in conventional statistical learning.

We propose CMIX for counterfactual representation interpolation to approximate
do-calculus realization in a deep learning framework, which is adaptively
optimized by a novel Counterfactual Adversarial Loss.

We show that CAT outperforms SOTA by a large margin across different tasks
particularly when data is limited.
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Introduction
Deep learning models exhibit a preference for statistical fitting over logical
reasoning, which severely limits the model performance, especially in small data
scenarios.

We propose CAT, an end-to-end and task-agnostic Counterfactual Adversarial
Training framework to tackle the problem using causal inference.

Methods

label-free mixup: conducts do-calculus and generates counterfactual
representations by interpolating the hidden states to generate counterfactual
representaitons.
We propose Counterfactual Adversarial Loss (CAL) to further optimize the
counterfactual representations.
CRM is designed to enable the model to learn from both original representations
and counterfactual ones.


Source Code
https://github.com/ShiningLab/CAT




  

