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Background

Machine learning algorithms typically assume that training and 
test examples are drawn from the same distribution. However, 
distribution shift is a common problem in real-world applications 
and can cause models to perform dramatically worse at test time.

Here, we specifically consider the problems of subpopulation shifts and domain shifts:

1. In subpopulation shifts, the test domains (or subpopulations) are seen but underrepresented 
in the training data, When subpopulation shift occurs, models may perform poorly when they 
falsely rely on spurious correlations between the particular subpopulation and the label;

2. In domain shifts, the test data is from new domains, which requires the trained model to 
generalize well to test domains without seeing the data from those domains at training time.
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Method

Following  ( WILDS: A Benchmark of in-the-Wild Distribution Shifts [ICML2021] )

Mixup:

http://proceedings.mlr.press/v139/koh21a/koh21a.pdf


Method

the optimization process is reformulated as

Without additional selective augmentation strategies, vanilla mixup will regularize the model and reduce, 
allowing it to attain good indistribution generalization. However, vanilla mixup may not be able to cancel 
out spurious correlations, causing the model to still fail at attaining good OOD generalization.



Method

In LISA, we instead adopt a new strategy where mixup is only applied across specific domains or groups, 
which leans towards learning invariant predictors and thus better OOD performance. Specifically, the 
two kinds of selective augmentation strategies are presented as:

1.Intra-label LISA (LISA-L): Interpolating samples with the same label

this produces datapoints that have both domains partially present, effectively 
eliminating spurious correlations between domain and label in cases where the pair 
of domains correlate differently with the label. 

2. Intra-domain LISA (LISA-D): Interpolating samples with the same domain

This causes the model to make predictions that are less dependent on the domain, 
again improving OOD robustness.



Algorithm



Experiment

Evaluating Robustness to Subpopulation Shifts

In these datasets, the domain information is highly spurious 
correlated with the label information.



Experiment

Evaluating Robustness to Subpopulation Shifts



Experiment



Experiment

Evaluating Robustness to Domain Shifts



Experiment

Evaluating Robustness to Domain Shifts



Experiment

• Vanilla mixup: in Vanilla mixup, we do not add any constraints on the 
sample selection, i.e., the mixup is performed on any pairs of samples.

• In-group mixup: this strategy applies data interpolation on samples with the 
same labels and from the same domains.
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