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Y Covid-19

Deep networks to analyze chest scans. But bias such as:
e Detect position: shoulders, standing up etc

e Classify children vs. adults: data from external dataset
e Markers on the image
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[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 2



Y 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






Y Simplicity bias: pros & cons ?

Pros: Occam's razor

1. Overfitting does not really hurt
2. Implicit regularization

Cons: not robust
1. In distribution:
o Can hurt accuracies ! rely on the simplest feature
o Confidence estimates, calibration, ....
2. Out of Distribution generalization: correlation != causation




Y Learning invariant mechanism
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Y Assumption: multi domains

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



Invariant mechanism across domains
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Y Invariant features
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[1] Deep coral: Correlation alignment for deep domain adaptation. Sun and Saenko, ECCV 2016
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Y Invariant predictors

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



Invariant gradients ?



Y Gradient mean matching
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Individual gradients: Ge — [V@l (fg (Xé), yel)]i=1
|IGA regularizes: ” Mean(GA) — Mean(GB) ” %
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== Trajectory of 6 during the training
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[1] Out-of-distribution generalization with maximal invariant predictor. Koyama and Yamaguchi, 2020 12



Y Fishr: Gradient covariance matching

Fishr regularizes: ” COU(GA) — COU(GB) " 12:'
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Y Why gradients ?

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

14



Hessian Motivations



Y Fishr matches domain-level Hessians

Distance between domains
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C is the gradient covariance

F is the empirical Fisher Information Matrix
F is the true Fisher Information Matrix
H=3", V5l (fa(x),y") is the Hessian

—— Gradients covariance: ||Cgg9 — Cgo%||2
—— Hessian: ||H90%_H80%||I%*100
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Y Good explanations are hard to vary

Follow the Read the

arrows move

Easy
Hard

Learn chess

Follow the Read the
arrows move

vV (OR) solution: Follow the arrows v Readthe move

[1] Learning explanations that are hard to vary. Parascandolo et al., ICLR 2021 17
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Invariant Hessians for loss consistency

J€ = MaX 4 pyee2MAXgene ., |IRg(6) — R,(67)]
is minimal when:

H,=Hg =

Loss landscape for domain A Loss landscape for domain B
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Y Neural Tangent Kernel intuition

C xF sharing eigenvalues with K

Where:
* ( is the gradient covariance
 Fis the true Fisher Information Matrix

« K is the NTK matrix: K[i,j] = Vofa(x') - Vofo(x/)

Having similar spectral decompositions across {K}eEE would improve OOD generalization:

» Similar eigenvectors => same features across domains
» Similar eigenvalues => same learning speed
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Scalable implementation



Y Approximations

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

Thus the Fishr regularization ends up being:
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Y BackPACK package

BackPACK: Packing more into backprop

build ‘ passing python 3.6+

BackPACK is built on top of PyTorch. It efficiently computes quantities other than the gradient.

coverage [95%

» Website: https://backpack.pt
e Documentation: https://docs.backpack.pt/en/master/
* Bug reports & feature requests: https://github.com/f-dangel/backpack/issues

Provided quantities include:

e Individual gradients from a mini-batch
e Estimates of the gradient variance or second moment

e Approximate second-order information (diagonal and Kronecker approximations)

Motivation: Computation of most quantities is not necessarily expensive (often just a small modification of the
existing backward pass where backpropagated information can be reused). But it is difficult to do in the current
software environment.
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Experiments



Proof-of-concept on Colored MNIST

Domains
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Table 2: Colored MNIST results. All meth-
ods use hyperparameters optimized for IRM.

Method Trainacc.  Testacc.  Gray test acc.

ERM 864 +0.2 14.0+0.7 71.0 £ 0.7
IRM 71.0+£05 6561138 66.1 + 0.2
V-REx 71715 672%1.5 68.6 £ 2.2
Fishr 71.0£09 6954+£10 702+1.1
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Y DomainBed ‘Oracle’

Table 3: Model selection: test-domain validation set (oracle).

Algorithm CMNIST RMNIST VLCS PACS OfficecHome Terralnc DomainNet Avg
ERM 578 £ 02 978+0.1 776+03 867+03 664+05 530+03 413+01 687
IRM 67.7+12 975+02 769+06 845+11 630+27 505+07 280+51 669
GroupDRO 61.1+£09 9794+0.1 774+05 87.1+01 662+06 524+01 3344+03 679
Mixup 584+02 980+01 781+03 868+03 680+02 544+03 396+01 69.0
MLDG 582+04 9784+01 775+£0.1 868+04 666+03 520+01 41.6+01 687
CORAL 586+05 980+00 77.7+£02 87.1+05 684+02 528+02 418+01 69.2
MMD 633+13 980+01 779+0.1 87.2+01 662+03 520+£04 235+94 669
DANN 570+1.0 979+01 7974+05 852+4+02 653+08 506+04 383+01 67.7
CDANN 5954+20 979+£00 799+02 858+08 653+£05 508+06 385+02 682
MTL 576 £03 979+01 77.74+05 86.7+£02 665+04 5224+04 408+01 685
SagNet 5824+03 979+£00 776+01 864+04 6754+02 5254+04 408+02 68.7
ARM 632+07 981+0.1 7784+03 858+02 648+04 512405 360+02 68.1
V-REx 670+13 979+0.1 781+02 872+06 657+03 514+05 30.1+37 682
RSC 585+05 976+01 778+06 862+05 665+06 521+4+02 389+06 682
AND-mask 586+04 9754+00 764+04 864+04 661+02 498+04 3794+06 675
SAND-mask 623+10 974+01 762+05 859+04 6594+05 502+01 3224+06 672
Fish 618 +08 979+01 778+06 858+06 660+29 508+04 434+03 69.1
Fishr 688 +14 978+01 782+02 869+02 682+02 536+04 418402 708
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Y DomainBed ‘Training’

Table 4: Model selection: training-domain validation set.

Algorithm CMNIST RMNIST VLCS PACS OfficcHome Terralnc DomainNet Avg
ERM 51.5+0.1 980+00 775+04 855+02 665+03 46.1+18 409+0.1 66.6
IRM 520+01 97.7+01 785+05 835+08 643+22 476+08 339+28 654
GroupDRO  52.1+00 980+00 76.7+0.6 844+08 660+07 432+1.1 333+02 648
Mixup 521+02 980+01 774+06 846+06 681+03 479+08 39.2+01 66.7
MLDG 515£0.1 979+00 772+04 849+10 668+06 47.7+£09 41.2+01 66.7
CORAL 51.5+£0.1 980+01 788+06 862+03 687+03 476+10 41.5+01 675
MMD 515402 979+00 775+09 846+05 663+01 422+16 234+95 633
DANN 515403 978+01 786+04 83.6+04 659+06 467+05 383+01 66.1
CDANN 51.7+0.1 979+01 T775+01 826+09 658+13 458+16 383+03 656
MTL 514+£01 979+00 772+04 846+05 664+05 456+12 40.6+01 662
SagNet 51.7+£00 980+00 778+05 863+02 681+01 48.6+10 403+01 672
ARM 562+02 982+01 776+03 851+04 648+03 455+03 355+02 66.1
V-REx 518+0.1 979+0.1 783+02 849+06 664+06 464+06 33.6+£29 656
RSC 51.7+02 976+01 771+05 852+09 655+09 466+1.0 389+05 66.1
AND-mask 513+02 976+01 781+09 844+09 656+04 446+03 37.2+06 655
SAND-mask 518+02 974+01 774+02 84.6+09 658+04 429+17 321+06 646
Fish 516 £0.1 980+00 778+03 855+03 686+04 451+13 42.7+02 67.1
Fishr 520+£02 978+00 778+0.1 855+04 678+01 474+16 41.7+00 67.1
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Y Hyperparameters

regularization strength A

ema vy
warmup iterations

1000

0.95
1500

10Uniform(1,4)

Uniform(0.9, 0.99)
Uniform(0, 5000)

Table 13: Impact of the )\ distribution from Table

Model selection A distribution CMNIST RMNIST VLCS PACS OfficcHome Terralnc DomainNet Avg
Constant(0) (=ERM) 578+02 978+0.1 776+03 867+03 664+05 530+03 413+0.1 68.7
Oracle 1(Uniform (1,4) 688+14 978+0.1 782+02 89+02 682+02 53.6+04 41.8+0.1 708
1()Uniform (1,5) 687+13 97.8+00 787+03 875+0.1 68.0+04 522405 420+0.1 70.7
Constant(0) (=ERM) 51.5+0.1 980+00 77.5+04 855+02 665+03 46.1+18 409+0.1 66.6
Training 10U“f{°"“ (1.4) 520+02 978+00 77.8+0.1 855+04 678+0.1 474+16 41.7+00 671
1(Uniform (1,5) 518+03 979+00 779+0.1 855+06 674+03 472+1.0 41.8+0.1 67.1
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Y Contributions

*» Theoretically
Invariant gradients criterion

Gradient covariance, Fisher information matrix, Hessian, loss
landscapes etc...

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

https://github.com/alexrame/fishr

Merci !
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Finding lost DG: explaining domain
generalization via model complexity

Across-domain versus Within-domain on RotatedMNIST

Across-domain versus Within-domain on PACS

Across-domain versus Within-domain on VLCS
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Figure 1: Linear SVC performance on DomainBed benchmark datasets is governed by model com-
plexity parameter C'. Optimal tuning for performance on novel target domains (DG condition, red)
always requires stronger regularization (lower C') than for performance on seen domains (blue).
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