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Models can latch onto spurious correlations
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Models can latch onto spurious correlations
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Models can latch onto spurious correlations
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Models perform well on average
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But models can have high worst-group error
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Approaches for improving worst-group error 
fail on high-capacity models
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• Upweight minority groups: 



Overparameterization hurts worst-group error for 
models trained with the reweighted objective

average errorworst-group error
Overparameterized is better than 

underparameterized
Overparameterized is worse than 

underparameterized

Our work: why does overparameterization exacerbate worst-group error?



Overview

1. Empirical results
2. Analytical model and theoretical results
3. Subsampling



Overparameterization exacerbates worst-
group error

ResNet10 Logistic regression on random features



Intuition: overparameterized models learn the 
spurious attribute and memorize minority groups
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Toy example: data
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Toy example: linear classifier

• Logistic regression

• In overparameterized
regime, equivalent to 
max-margin classifier
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Worst-group error is provably higher in the 
overparameterized regime 
Theorem (informal). For any

there exists       such that for all                , with high probability, 

However, with

and              in the asymptotic regime with          , 

High worst-group error 
for overparameterized

Low worst-group error 
for underparameterized

,

High 
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learning spuriouslearning core

Underparameterized models need to learn the 
core feature to achieve low reweighted loss

X high reweighted loss✓ low reweighted loss



In overparameterized regime, minimum-norm 
inductive bias favors less memorization 

learning spurious
memorizing minority

learning core
memorizing outliers

many examples memorized
X high norm

few examples memorized
✓ low norm

Norm scales with the number of points “memorized”



Intuition: memorizing as few examples as possible 
under the min-norm inductive bias
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Learn spurious à memorize minority, low norm
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Learn core à memorize more, high norm
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Overview

1. Empirical results
2. Simulations on synthetic data
3. Subsampling



Reweighting vs subsampling
upweighting subsampling

# examples

! = 1 $ = −1
! = −1 $ = 1

! = 1 $ = 1
! = −1 $ = −1

# examples

! = 1 $ = −1
! = −1 $ = 1

! = 1 $ = 1
! = −1 $ = −1

• Reduces majority fraction
• Lowers memorization cost of 

learning the core feature

Chawla et al. (2011)



Reweighting vs subsampling
upweighting subsampling

# examples

! = 1 $ = −1
! = −1 $ = 1

! = 1 $ = 1
! = −1 $ = −1

# examples

! = 1 $ = −1
! = −1 $ = 1

! = 1 $ = 1
! = −1 $ = −1

Chawla et al. (2011)



Subsampling the majority group à
overparameterization helps worst-group error

Potential tension between using all of the data vs. using large overparameterized models.
Both help average error, but can’t have both for good worst-group error.

Upweighting Subsampling
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