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What is domain generalization?



Classical Supervised Learning Domain Generalization Problem

» Dataset D = {(x;,y;)}'_, iid from » k different domains: for each
P(X,Y) ] E 11,..., k} Dataset

| {(x] ])} id from P(X’, Y/)
» Loss function? : Y X Y — [0,00) =

o (Goal: out-of-distribution generalization

find a predictor f perform well at

unseen test domain d,,.,

» Goal: find a predictor f : X — ¥ that
minimizes -(x,y)NP[f(f(x), y)]

. Approach ERM minimize . .
e Need to assume some Invariances

— Z C(f(x),y:) across train and test domains
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Lots of Algorithms, but ...

 Empirical Risk Minimization (ERM) < All evaluated under different datasets

and model selection methods
* Group Distributionally Robust

Optimization (DRO)  Need a standardized and rigorous

benchmark to make fair comparisons
« DANN

* |nvariant Risk Minimization (IRM)
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What could go wrong?

Model Selection

* Need to choose hyperparameters

e Choose between different architecture variants

e But no validation data ~ test data

 What’s the correct way of doing model selection?




Training-domain validation set

. Foreachj € {1,...,k}, split the data set D’ = {(xlf, y{)}?il into training and
validation subsets

e Combine the validation subsets of each domain
e create an overall validation set
e Choose the model that does the best on this overall validation set

* Assumes training sample and test sample following similar distributions



Leave-one-domain-out cross-validation

» For each hyperparameter set, train kK models, each leaving one domain dataset
outside of the training set

» Evaluate each model on its held-out domain and average the accuracies over k
models

* Pick the hyperparamter set that has the best performance on the averaged
accuracy

 Retrain the model using all kK domains

 Assume training and test domain are drawn from a meta-distribution over domains



Test-domain validation set (oracle)

e Validation set ~ test distribution
e Query access

* Limit the number of queries i.e. at most 20 queries in this paper
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Baseline Algorithms

e Empirical Risk Minimization (ERM, Vapnik [1998]) minimizes the sum of errors across domains
and examples.

e Group Distributionally Robust Optimization (DRO, Sagawa et al. [2019]) performs ERM while
increasing the importance of domains with larger errors.

e Inter-domain Mixup (Mixup, Xu et al. [2019], Yan et al. [2020], Wang et al. [2020]) performs
ERM on linear interpolations of examples from random pairs of domains and their labels.

e Meta-Learning for Domain Generalization (MLDG, Li et al. [2018a]) leverages MAML [Finn
et al., 2017] to meta-learn how to generalize across domains.

e Different variants of the popular algorithm of Ganin et al. [2016] to learn features ¢(X d) with
distributions matching across domains:

— Domain-Adversarial Neural Networks (DANN, Ganin et al. [2016]) employ an adversarial
network to match feature distributions.

— Class-conditional DANN (C-DANN, Li et al. [2018d]) is a variant of DANN matching the
conditional distributions P(¢(X%)|Y¢ = y) across domains, for all labels .

— CORAL [Sun and Saenko, 2016] matches the mean and covariance of feature distributions.
— MMD [Li1 et al., 2018b] matches the MMD [Gretton et al., 2012] of feature distributions.

e Invariant Risk Minimization (IRM [Arjovsky et al., 2019]) learns a feature representation ¢ (X %)
such that the optimal linear classifier on top of that representation matches across domains.



Experiment Results

Compare to the state-of-the-art for typical datasets

Dataset / algorithm Out-of-distribution accuracy (by domain)
Rotated MNIST 0° 15° 30° 45° 60° 75° Average
Ilse et al. [2019] 93.5 993 99.1 992 993 930 97.2
Our ERM 95.6 99.0 989 99.1 990 96.7 98.0
PACS A C P S Average
Asadi et al. [2019] 83.0 794 96.8 78.6 84.5
Our ERM 88.1 78.0 978 79.1 85.7
VLCS C L S \Y Average
Albuquerque et al. [2019] 95.5 67.6 694 71.1 75.9
Our ERM 97.6 633 722 764 77.4
Office-Home A C P R Average
Zhou et al. [2020] 59.2 523 74,6 76.0 65.5
Our ERM 62.7 534 765 7T1.3 67.5
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Experiment Results

Model selection method: training domain validation set

Algorithm CMNIST RMNIST VLCS PACS Office-Home Terralnc DomainNet Avg
ERM 52001 98.0+00 774+03 857+0.5 67.5 £ 0.5 472 +04 41.2+02 67.0
IRM 51.8+0.1 979+00 78.1+00 844+1.1 66.6 £ 1.0 479+0.7 357+£19 66.0
DRO 520+0.1 98.1+00 772+06 84.1+04 66.9 + 0.3 470+03 33702 655
Mixup 519+0.1 98.1+00 77.7+04 843+0.5 69.0 £ 0.1 489+ 08 39.6+0.1 67.1
MLDG 516 £0.1 98.0+00 77.1+04 848 +0.6 68.2 + 0.1 46.1 £ 0.8 41.8+04 66.8
CORAL 51701 98.1+0.1 77.7+0.5 86.0+0.2 68.6 £ 04 464 +08 41.8+02 67.2
MMD 51.8+0.1 98.1+00 767+09 85.0+0.2 67.7 £ 0.1 493+14 394+08 66.8
DANN 51.5+£03 979+0.1 787+03 846+1.1 65.4 + 0.6 484 +05 384+00 664 .
C-DANN 519+0.1 980+00 782+04 828+1.5 65.6 £ 0.5 476 08 389+0.1 66.1 ® E R M |S Ve ry g OOd
Model selection method: Leave-one-domain-out cross-validation
Algorithm CMNIST RMNIST VLCS PACS Office-Home Terralnc DomainNet Avg M d I I . h d
[
ERM 342+12 980+00 768+1.0 833+0.6 67.3 £ 0.3 46.2 +0.2 40.8+02 63.8 O e Se eCt I O n m et O S m atter
IRM 36.3+04 97.7+0.1 772+03 829+0.6 66.7 +£ 0.7 440+0.7 353+15 629
DRO 322+37 979+0.1 775+0.1 83.1+0.6 67.1 £0.3 425+02 328+02 61.8
Mixup 31.2+21 98.1+0.1 78602 837109 68.2 + 0.3 46.1 16 394+03 63.6
MLDG 369+02 980+0.1 771406 824+4+0.7 67.6 £ 0.3 458+ 12 421+01 64.2
CORAL 209+25 98.1+0.1 770x0.5 83.6+0.6 68.6 + 0.2 48.1+13 419+0.2 639
MMD 426 +3.0 98.1+0.1 76.7+09 82.8+0.3 67.1 = 0.5 46.3+05 393+£09 64.7
DANN 290+7.7 89.1+55 77.7+03 84.0=+0.5 65.5 £ 0.1 457 +08 375+02 61.2
C-DANN 31.1 85 963+10 740+10 81.7+14 64.7 £ 04 406 1.8 38.7+02 61.1
Model selection method: Test-domain validation set (oracle)
Algorithm CMNIST RMNIST VLCS PACS Office-Home Terralnc DomainNet Avg
ERM 585+03 98.14+£0.1 77803 87.1 0.3 67.1 £ 0.5 527102 41601 68.9
IRM 702 +02 979+£00 77102 84.6=+0.5 67.2 £ 0.8 509+04 36016 69.2
DRO 61.2+06 98.1+00 774+06 87.2+04 67.7 04 53.1+£05 340+0.1 684
Mixup 584+02 980+£00 78.7+04 864+0.2 68.5 £ 0.5 529+03 403+03 69.0
MLDG 584+02 98.0+01 77.8+04 86.8+0.2 67.4 +0.2 524+03 425+0.1 69.1
CORAL 576 £05 982+00 77.8+0.1 869 +0.2 68.6 £ 04 526 £06 42.1+0.1 69.1
MMD 63.4+07 979+0.1 780+04 87.1+0.5 67.0 0.2 52702 398+0.7 694
DANN 583+02 97.9+00 80.1+06 854+0.7 65.6 £ 0.3 516 £06 383+0.1 68.2
C-DANN 620+1.1 97.8+0.1 802+0.1 857+03 65.6 £ 0.3 51010 389+0.1 68.7




Some more questions

 Data augmentation pipeline

 “Right” dataset?



Thanks for listening!




