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Motivation

When Does Group Invariant Learning Survive Spurious 
Correlations?



Invariant learning

In real world applications, machine learning model encounters out-of-distribution 
(OOD) data

photos from new locations



Invariant learning and environments

Invariant learning: a notable kind of method for OOD generalization

samples from different hospitals photos from different locations

Invariant learning is designed for the case when environment labels are available



Invariant learning and environments

Intuitively, the target is to learn the common rule on different environments

feature encoder

samplelabel



Invariant learning and environments

keeps invariant across different environments

Formally, invariance is deduced by assumptions on the data generating process

spurious features

invariant
features

Correlation between ! and X!" is spurious, which changes across environments

!
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Group invariant learning

• Limitation: we need the environment labels are known

• “Group invariant learning” extend IL to the case when environments are 
unknown



Infer Environments for Invariant Learning

Dataset
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Infer Environments for Invariant Learning

Dataset
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correlation
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A bias-only
model



“Groups”: posterior environments

#!
$ #! = 1

Group 2

$

Infer posterior environments (groups) 
with knowledge about #'( and !

Group invariant learning extend IL to the case when environments are unknown



“Groups”: posterior environments

We need new theory for group invariant learning

$ #! = 1

Group 2

#! $

Groups are different from priori environments

groupsenvs

Env 1

Env 2

Cannot be inferred without X"#$



Highlight 1: Two group criteria

• Falsity exposure criterion: 
Groups should fully expose the falsity of spurious correlations (informally)

• Label balance criterion: 
The label proportion between groups should be the same (informally)

Both criterion are necessary !



Highlight 2: Failures of existing methods

• We focus on the majority/minority split (EIIL, ICML2021)

• On some dataset (e.g. colored-MNIST), the majority/minority split satisfy 

both criteria

• In the presence of multivariate spurious features, it fails both criteria

Existing methods clustering *%& clustering +(-|*%&) majority/minority 
split

Falsity exposure No guarantee ✅ !

Label balance No guarantee ❌ !

additional information
more less



Highlight 3: a new method SCILL

• Same as EIIL, it relies on a reference model $0 which approximates 

• For falsity exposure:
Construct groups such that ! ⊥ $0 # | '

• For label balance:
Attach a weight                                                  to samples in group '.

• Learning objective:

Invariance penalty



Highlight 3: a new method SCILL

• Sufficiency of SCILL:

SCILL can survive spurious correlations with an ideal reference model 



Experimental Results

Patched-Colored-MNIST
(PC-MNIST)

Two spurious features:
color and patch

MNLI-HANS

on MNLI, multiple syntactic 
features and 

the labels have spurious 
correlations.

ERM models fail on HANS



Experimental Results

Patched-Colored-MNIST(PC-MNIST)

Across 4 invariance penalties and 3 selection protocols, SCILL shows significant improvement



Experimental Results

MNLI-HANS

Across 4 invariance penalties and 3 selection protocols, SCILL shows significant improvement



Conclusion

Code is available at: 
https://github.com/Beastlyprime/group
-invariant-learning

• The first theoretical study on group invariant learning

• Two criteria for group invariant learning to survive spurious correlations

• Failures of existing methods on multivariate spurious features

• New method guided by the two criteria: SCILL
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