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Background on Mixup

Mixup [ZCDLP18] is a data augmentation technique that uses
random convex combinations of the original data points and their
labels for training.

(xi , yi ), (xj , yj) −→
(
λxi + (1− λ)xj , λyi + (1− λ)yj

)
, λ ∼ Pf
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Benefits and Surprising Facts of Mixup Training

Mixup training has been empirically shown to improve generalization
and robustness [ZCDLP18, HZZ+19, ZDK+20, LVKB19] while still
minimizing the training error on the original data.

Question 1: When and why does Mixup minimize the original risk?

Question 2: Does Mixup always improve generalization?
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Main Contributions

A Relationship between Mixup and Empirical Risk Minimization
(ERM)

1 Template for dataset on which Mixup fails to classify original data
correctly

2 Sufficient conditions for Mixup to also minimize original risk

B When and why Mixup improves generalization
1 Data and model conditions under which Mixup does not improve

generalization
2 Margin properties of Mixup that may explain why Mixup has better

generalization in other cases

Muthu Chidambaram (Duke) Data Dependency of Mixup 4 / 16



Main Contributions

A Relationship between Mixup and Empirical Risk Minimization
(ERM)

1 Template for dataset on which Mixup fails to classify original data
correctly

2 Sufficient conditions for Mixup to also minimize original risk

B When and why Mixup improves generalization
1 Data and model conditions under which Mixup does not improve

generalization
2 Margin properties of Mixup that may explain why Mixup has better

generalization in other cases

Muthu Chidambaram (Duke) Data Dependency of Mixup 4 / 16



Main Contributions

A Relationship between Mixup and Empirical Risk Minimization
(ERM)

1 Template for dataset on which Mixup fails to classify original data
correctly

2 Sufficient conditions for Mixup to also minimize original risk

B When and why Mixup improves generalization
1 Data and model conditions under which Mixup does not improve

generalization
2 Margin properties of Mixup that may explain why Mixup has better

generalization in other cases

Muthu Chidambaram (Duke) Data Dependency of Mixup 4 / 16



Main Contributions

A Relationship between Mixup and Empirical Risk Minimization
(ERM)

1 Template for dataset on which Mixup fails to classify original data
correctly

2 Sufficient conditions for Mixup to also minimize original risk

B When and why Mixup improves generalization

1 Data and model conditions under which Mixup does not improve
generalization

2 Margin properties of Mixup that may explain why Mixup has better
generalization in other cases

Muthu Chidambaram (Duke) Data Dependency of Mixup 4 / 16



Main Contributions

A Relationship between Mixup and Empirical Risk Minimization
(ERM)

1 Template for dataset on which Mixup fails to classify original data
correctly

2 Sufficient conditions for Mixup to also minimize original risk

B When and why Mixup improves generalization
1 Data and model conditions under which Mixup does not improve

generalization

2 Margin properties of Mixup that may explain why Mixup has better
generalization in other cases

Muthu Chidambaram (Duke) Data Dependency of Mixup 4 / 16



Main Contributions

A Relationship between Mixup and Empirical Risk Minimization
(ERM)

1 Template for dataset on which Mixup fails to classify original data
correctly

2 Sufficient conditions for Mixup to also minimize original risk

B When and why Mixup improves generalization
1 Data and model conditions under which Mixup does not improve

generalization
2 Margin properties of Mixup that may explain why Mixup has better

generalization in other cases

Muthu Chidambaram (Duke) Data Dependency of Mixup 4 / 16



Mixup and Empirical Risk Minimization

Relationship between Mixup and Empirical Risk Minimization
(ERM)
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A Mixup “Counterexample”
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Empirical Performance on Counterexample

We train a 2-layer ReLU network on the previous dataset mixing using
Beta(α, α), results shown below.

(a) α = 1 (b) α = 32 (c) α = 128
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Sufficient Condition for Mixup to Minimize Original Risk

On the other hand, when inter-class collinearity is not present, Mixup
minimizes the original risk.

Theorem 1 (Theorem 2.10 in Paper, Informal)

For each point x in a class i , if x does not fall on a line segment which has
an endpoint in a class j for j ̸= i , then the Mixup-optimal classifier will
also minimize the original risk.
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Empirical Results on Image Classification Benchmarks

Empirical results for ResNet-18 [HZRS15] on MNIST, CIFAR-10, and
CIFAR-100 while using Mixup with Beta(1024, 1024).

(a) MNIST (b) CIFAR-10 (c) CIFAR-100
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Mixup and Generalization

When and why Mixup improves generalization
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When Mixup Generalizes Identically to ERM

For linear models and binary classification datasets for which all data
points are support vectors, Mixup and ERM trained with gradient
descent learn the same classifier.
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Mixup Margin Characterization

In other cases, however, Mixup can have better margin properties.

Theorem 2 (Theorem 3.2 in Paper, Informal)

If for a point x we have that x falls closer to the data points in class i
than any other class for every line segment between points in the dataset
that intersect it, and we have that x does not fall on any line segments
between points in classes j , q for j , q ̸= i , then x will be classified as class i
by the Mixup-optimal classifier.
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Mixup Decision Boundaries on Two Moons

Here we compare standard training to Mixup with Beta(1, 1) and
Beta(1024, 1024) on the two moons dataset.
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Summary

Collinearity can cause problems for Mixup minimizing the original risk
on a dataset

Mixup can have better margin properties than ERM, but there exist
cases where this need not be true
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