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Motivation

Training set

Domain Generalization
Source "Generalizing to Unseen Domains: A Survey on Domain Generalization." (2022)
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e Matrix Rank regularization (ERM-rank):

e Convex envelope - nuclear norm:
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Experiments

Model

Dataset

and DomainNet.
Evaluation & Methods

Model selection criterion:
Training-domain validation set.

Results

all domains;

compared to all baselines.

ResNet-50, pre-trained on ImageNet.

Colored MNIST, Rotated MNIST, PACS,
VLCS, Office-Home, Terra Incognita,

Batch-wise nuclear norm regularization.

e DomainNet: ours beating all SOTA on

e DomainBed: ours achieving the best

Theoretical Analysis

(roposition (Informal)

optimal solution for the

@n the random guessing.

Under our linear data and linear model
setting (refer to Section 3), the optimal

solution for the ERM-rank on the ID tasks
has 100% OOD test accuracy, while the

ERM-weight-decay on the |ID tasks may
have OOD test accuracy much worse
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Data Distribution

Ze. environmental feature, zc: invariant feature
Inspired by "The risks of invariant risk minimization." (2021)

X

(a) rank 1

(b) nuclear norm ball

(c) convex hull

Manifold of constant penalty for a symmetric 2x2 matrix X = [X, vy; V, Z]

Algorithm clip info paint quick real sketch Average

ERM [41] 581 +03 188+03 467+03 122+04 59.6+0.1 498 + 0.4 40.9

IRM [1] 485 +28 150£15 383+43 109+05 482+52 423+43.1 33.9

GroupDRO [37] 47.2+05 17.54+04 33.8+0.5 9.3+0.3 516+04 401106 33.3

Mixup [45] 557+03 185+05 4434+05 1254+04 558+03 48.2 + 0.5 39.2

MLDG [23] 59.1+02 19.1+03 458+0.7 134403 596+02 502+04 41.2

CORAL [39] 5924+01 197+02 46.6+03 1344+04 59.8+0.2 50.1 = 0.6 41.5

MMD [25] 321+133 110+486 268F+113 B7=+21 3527+158 289+119 234

DANN [12] 53.14+02 183401 442407 118+01 3555+04 468106 38.3

CDANN [27] 546+04 173+0.1 4374+09 121+07 5624+04 4594+0.5 38.3

MTL [6] 579+05 185+04 460+01 1254+01 595+03 49.2 + 0.1 40.6

SagNet [29] 57.7+03 1904+02 4534+03 12.7+05 58.1+05 48.8 +0.2 40.3

ARM [49] 497+03 163+05 409+1.1 94 + 0.1 534+04 4351404 35.5

VREXx [22] 473+35 160+15 358+46 109+03 496+49 420+3.0 33.6

RSC [18] NO0+£12 183405 444+06 122402 57071 4718409 38.9

AND-mask [30] 523+08 166+03 4164+1.1 113+0.1 558+04 454+4+09 37.2

SelfReg [19] 585+01 207+01 473+03 1B1+03 5824+02 51.1+03 41.5

Fishr [33] 38205 202402 4170+03 127+92 60302 8=L0.1 41.7

ERM-NU (ours) 609+00 211+02 499+03 13.7+02 625+02 525+04 43.4

Results on DomainNet

Algorithm CMNIST RMNIST VLCS PACS OfficcHome Terralnc DomainNet Average
ERM 51.5=+0.1 95000 7T715+E04 855+02 66.5 + 0.3 46.1 £ 1.8 409 4+ 0.1 66.6
IRM 52001 97.7+01 785+£05 835+08 643422 4764+08 339428 65.4
GroupDRO 521+00 980+00 767+06 844+08 660+0.7 432+1.1 333+0.2 64.8
Mixup 521+02 98.0+0.1 774+06 846+06 68.1+03 479+0.8 39.2+0.1 66.7
MLDG 515401 979400 7724+04 849+10 668+06 47.7+09 412+4+0.1 66.7
CORAL 515+01 98.0+0.1 788+06 86.2+03 68.7+03 476+10 41.5+0.1 67.5
MMD 515402 9794+00 7754+09 846+05 663+01 422416 234495 63.3
DANN 515+03 978+01 7864+04 836+04 659+06 467+05 383401 66.1
CDANN 51.74+0.1 979+0.1 775+01 826+09 658+13 458+16 383+03 65.6
MTL 5144+01 979400 77.24+04 846+05 664105 456+12 40.6+0.1 66.2
SagNet 51.7+0.0 98.0+00 77.8+05 863+02 68.1+01 486+1.0 40.3=+0.1 67.2
ARM 562+02 982+4+01 776+03 851+04 648+03 4554+03 355402 66.1
VREXx 518+0.1 979+0.1 783+02 849+06 664+06 464+06 33.6+29 65.6
RSC 51.7+02 976+0.1 77.1+05 852+09 655+09 466+10 389+0.5 66.1
AND-mask 513402 976+0.1 781+09 844+09 656+04 4461+03 372406 65.5
SelfReg 521+02 980+0.1 778+09 85.6+04 679+4+0.7 470+03 415+02 67.1
Fishr 520+£02 978400 178+01 855+04 6718+01 474+16 41.7+00 67.1
ERM-NU (ours) 51.8+0.2 980+0.1 77.8+07 856+0.1 68.1+0.1 49.6+0.6 43.4+0.1 67.8

Results on DomainBed

Gake-Home Message

Key Intuition: ERM-weight-decay encodes all features correlated with
labels, even weak correlation (spurious features), while ERM-rank only
@COdeS features having a strong correlation with labels (intrinsic features)/

~

Nuclear norm regularization works better than ERM or ERM-weight-decay.




