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Motivation

Domain generalization(DG): learn a model from several training
domains so that it generalizes to unseen test domains.
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(a) Bears in training/test domains (b) Constrain pseudo-invariant feature

Invariant risk minimization (IRM): a promising DG method but is
susceptible to pseudo-invariant feature. In figure (a), training
domains contain most brown color bears while test domains contain
bears in other fur color. IRM would probably rely on fur color as
pseudo-invariant feature in training domains.

Question:
How could we eliminate the usage of those features while they are
pseudo-invariant in training domains?

Answer:
By constraining the information of feature Z and input X. We denote
the concept with figure (b).

Method

Previous Invariant Risk Minimization objective:
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Practical Optimization Objective of IRM

Invariant Information Bottleneck

We first write IRM’s objective into a mutual information (MI) one as
denoted in red underline part. Then we combine IB’s objective in
green underline part. IIB’s integrated objective is listed below.

max [(®(X),Y) - M(Y, D | 8(X)) - BI(X, (X)).

Invariant Risk Minimization

Information Bottleneck

The mutual information form indicates the following properties:

* max I1(@(X),Y) denotes feature ®(X) should be informative to
predict the class label.

* minJ (Y,D | #(X)) denotes feature ®(X) should not change across
domains for the same class label (e. g. outline and shape should
always be the conditional invariant feature to predict a bear across
domains).

* min I1(X, (X)) denotes feature ®(X) should contain least
information about input.

Variational Approximation

We denote Z = &(X) and formulate the Ml into practical losses. More

details are in Loss Function Design section.
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Training/Inference procedure of 1IB, 1IB optimizes a model consisting of three parts (1)
an invariant predictor. (2) a domain-dependent predictor. (3) an encoder.
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Experiments

Cross Line: we create ten-valued spurious feature by adding cross lines

to images. We set 10 line patterns for 10 classes. For certain class i,

majority (p; = 0.5) images are added with line pattern i, minority images

(pi; = 0.05) are added with other line pattern j.

Methods

| Validation Acc. (%) 1 | Test Ace.(%) 1

Majority Minority Test Set -
o — [ ERM (Vapnik 1999) 90.12 z012 65.60 2027
4 IRM (Arjovsky et al. 2019) 63.82 4025 42.68 +03
IB-ERM (Ahuja et al. 2021) 83.93 2010 69.70 s042
- TB-IRM (Ahuja et al. 2021) 81.61 1069 65.82 077
e 1B (A =0) 79.97 z050 69.52 2080
Type 1 (Cross Lines) TIB (8 = 0) 78.47 4050 66.93 4033
1B 92.86 +020 71.04 +037

DomainBed: leave one domain out model selection (train-validation
selection is provided in supplementary file)

Methods ‘ Colored-MNIST Rotated-MNIST ~ VLCS PACS  OfficeHome Terralncognita DomainNet ‘ Average
ERM (Vapnik 1999) 36.7 01 97.7 <00 772404 830:07 65705 414 414 40.6 <02 63.2
DANN (Ganin et al. 2017) 40.7 223 97.6 <02 769 +04 81.0+11  649.12 444 .1 382402 63.4
CDANN (Li et al. 2018b) 39.1 244 975 <02 775:02 788122 643417 399432 380201 622
MLDG (Li et al. 2018a) 36.7 02 97.6 <00 77.2+09 829417  66.1+05 46.2 09 41.0 202 64.0
IRM (Arjovsky et al. 2019) 403 242 97.0 02 763 +06 815:08 643:15 412436 335430 62.0
GroupDRO (Sagawa et al. 2019) 36.8 <01 97.6 <01 779 :05 835102 652:02 449 414 33.0+03 62.7
MMD (Akuzawa, Iwasawa, and Matsuo 2019) 36.8 <01 97.8 201 77.3+05 832102 602:52 46.5 415 234 295 60.7
'VREx (Krueger et al. 2020a) 36.9 103 93.6 434 767410 813109 649:13 373430 334.31 60.6
ARM (Zhang et al. 2020) 36.8 400 98.1 01 76.6 +05s 81.7+02 644 .02 42,6 427 352401 62.2
Mixup (Yan et al. 2020) 334447 97.8 s00 777406 832404 670402 48.7 104 38.5403 63.8
RSC (Huang et al. 2020) 36.5 +02 97.6 +01 775405 826407  658:07 40.0 +08 389 .05 62.7
MTL (Blanchard et al. 2021) 350417 978 <01 76605 83.7:04 657 :05 449 412 40.6 <01 63.5
SagNet (Nam et al. 2021) 36.5 201 94.0 30 775:03 823:01 67.6:03 472 +09 40.2 202 63.6
1IB(Ours) 399412 972102 772416 839:02  68.6:01 458 414 41523 649

Conclusion: Cross Line experiment performance suggest |IB can better

overcome pseudo-invariant features than IRM and other methods.

DomainBed experiment performance suggest IIB is applicable to realistic

DG task.

Conclusion

In this paper, we have following conclusions:

+ To mitigate pseudo-invariant features, inspired by the
IB’s principle, we propose to constrain the mutual
information between inputs and features.

* We developed a novel information-theoretic approach
[IB to overcome above issues.

» We further adopt variational approximation to develop
tractable loss functions.

*  We analyze IIB’s performance with extensive
experiments on both synthetic and large-scale
benchmarks.




