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Covid-19
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Deep networks to analyze chest scans. But bias such as:
● Detect position: shoulders, standing up etc
● Classify children vs. adults: data from external dataset
● Markers on the image

[1] : Common pitfalls and recommendations for using machine learning to detect and prognosticate for COVID-19 
using chest radiographs and CT scans. Roberts et al., Nature 2021



NN biased towards simple functions
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[1] Deep learning generalizes because the parameter-function map is biased towards simple functions. Valle-
Perez et al., ICLR 2019
[2] The Low-Rank Simplicity Bias in Deep Networks. Huh et al., 2021





Simplicity bias: pros & cons ?
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Pros: Occam's razor
1. Overfitting does not really hurt
2. Implicit regularization

Cons: not robust
1. In distribution:

○ Can hurt accuracies ! rely on the simplest feature
○ Confidence estimates, calibration, ….

2. Out of Distribution generalization: correlation != causation



Learning invariant mechanism

6



Assumption: multi domains

7[1] In search of lost domain generalization. Gulrajani and Lopez-Paz, ICLR 2021



Invariant mechanism across domains
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Invariant features

9[1] Deep coral: Correlation alignment for deep domain adaptation. Sun and Saenko, ECCV 2016

Coral regularizes:

∥ 𝐶𝑜𝑣 𝑍! − 𝐶𝑜𝑣(𝑍") ∥ #
$



Invariant predictors
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V-REx regularizes:

|𝑅! − 𝑅%|$

[1] Invariant risk minimization. Arjovsky et al., 2019
[2] Out-of-distribution generalization via risk extrapolation. Krueger et al., ICML 2021

IRM regularizes:

+
&∈ℰ

∥ ∇)|)+,..𝑅&(𝜔 . 𝜙) ∥$



Invariant gradients ?



Gradient mean matching
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IGA regularizes: ∥ 𝑀𝑒𝑎𝑛 𝐺! −𝑀𝑒𝑎𝑛(𝐺%) ∥ $
$

Individual gradients: 𝐺& = ∇/𝑙 (𝑓/ 𝑥&0 , 𝑦&0) 0+,
1!

[1] Out-of-distribution generalization with maximal invariant predictor. Koyama and Yamaguchi, 2020



Fishr: Gradient covariance matching
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Fishr regularizes: ∥ 𝐶𝑜𝑣 𝐺! − 𝐶𝑜𝑣(𝐺%) ∥ #
$



Why gradients ?
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Matching gradient covariances enables to match 
gradient distributions. But why ? Because gradients:

1. Dictate the learning process
2. More expressive than features
3. Takes into account the label: class-conditional!
4. Are weighted by the loss values: indirectly align risks



Hessian Motivations



Fishr matches domain-level Hessians
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𝐶 ∝ <𝐹 ∝ 𝐹 ∝ 𝐻
Where:
• 𝐶 is the gradient covariance
• "𝐹 is the empirical Fisher Information Matrix
• 𝐹 is the true Fisher Information Matrix
• 𝐻 = ∑!"#

$ ∇%
& 𝑙 (𝑓% 𝑥! , 𝑦!) is the Hessian



Good explanations are hard to vary

17[1] Learning explanations that are hard to vary. Parascandolo et al., ICLR 2021



Invariant Hessians for loss consistency
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ℐ2 = 𝑚𝑎𝑥(!,%)∈ℰ"𝑚𝑎𝑥/∈6#,%∗' |𝑅% 𝜃 − 𝑅! 𝜃∗ |
is minimal when:

𝐻! = 𝐻% = ⋯



Neural Tangent Kernel intuition
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𝐶 ∝ 𝐹 sharing eigenvalues with𝐾
Where:
• 𝐶 is the gradient covariance
• 𝐹 is the true Fisher Information Matrix
• 𝐾 is the NTK matrix: 𝐾[𝑖, 𝑗] = ∇%𝑓% 𝑥! 4 ∇%𝑓% 𝑥'

Having similar spectral decompositions across 𝐾 (∈ℰ would improve OOD generalization:
• Similar eigenvectors => same features across domains
• Similar eigenvalues => same learning speed



Scalable implementation



Approximations
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1. Diagonal of the gradient covariance => Variance
2. Only in the classifier => ignore the features extractor weights

Thus the Fishr regularization ends up being:

"
(∈ℰ

"
+∈,

|𝑣(+ − 𝑣+|-



BackPACK package
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Experiments



Proof-of-concept on Colored MNIST
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DomainBed ‘Oracle’
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DomainBed ‘Training’
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Hyperparameters
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Contributions
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❖ Theoretically
Invariant gradients criterion
Gradient covariance, Fisher information matrix, Hessian, loss 
landscapes etc...

❖ Empirically
State of the art on DomainBed
Simple and scalable strategy

Merci !

https://github.com/alexrame/fishr



Finding lost DG: explaining domain 
generalization via model complexity

29


