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Models can latch onto spurious correlations
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Models can latch onto spurious correlations
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Wah et al. (2011), Zhou et al. (2017)
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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
label: object
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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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Goal: low worst-group error
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• More robust to spurious correlation
• Low worst-group error

• Relies on spurious correlation
• High worst-group error



Our approach: minimize the worst-group loss
Standard (ERM): average loss

Hu, Niu, Sato, Sugiyama (2018), Oren, Sagawa, Hashimoto, Liang (2019)
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Group DRO: worst-group loss

maxavg

average loss for each group !′
worst-group

Train: known groups for each example
Test: unknown groups



Optimizer

Optimization algorithm for Group DRO

y

1 -1
a

1 ✓ ✓
-1 X ✓

model

Group weights:
which are worst-case?

Model parameters:
Update on weighted loss

✓ Scalable
✓ Theoretical guarantees
✓ Similar # iterations to convergence as ERM



Attempt 1: ERM à high worst-group test error 

ERM

X worst-group error

✓ average error



Attempt 1: ERM à high worst-group test error 

ERM

X worst-group error

zero train error



Attempt 1: ERM à high worst-group test error 

worst-group error is high because of poor generalization
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Attempt 1: zero training error à ERM ≈ group DRO

ERM

zero train error

Group DRO

zero train error

worst-group error is high because of poor generalization
but group DRO only controls training error! 

X worst-group error



Attempt 1: poor generalization à group DRO fails

ERM Group DRO

X worst-group errorX worst-group error

worst-group error is high because of poor generalization
but group DRO only controls training error! 



New challenge: train error ≈ test error on worst group

Prior work: train error ≈ test error for worst-case group
• Small convex or generative models

Our setting: high worst-group test error despite zero train error
• State-of-the-art neural networks

avg worst 
group

avg worst 
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Ben-Tal, et al. (2013), Duchi and Namkoong (2018), Hu, Niu, 
Sato, Sugiyama (2018), Oren, Sagawa, Hashimoto, Liang (2019)



Approach: regularization + group DRO

Counterintuitive with respect to recent trends:
More complex models with zero training error à better average error 

regularization

L2
early stopping

Hoffer, Hubara, Soudry (2017), Belkin et al. (2019), Nakkiran et al. (2020)

Problem: zero train error, but high worst-group test error

Solution: regularization
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Group DRO
with L2 penalty

Attempt 2: regularization + group DRO works

✓ worst-group 
test error

ERM
with L2 penalty



Group DRO + regularization mitigates the 
spurious correlation problem

Group DRO

Regularization
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