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OOD Generalization

€ Some researchers focus on encouraging the model to
learn domain invariant features.

& Other researchers start by avoiding spurious features.

Most of methods manually design specific model
structures to handle domain generalization.
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I Motivation PEIPNP_E

Instead of designing specific networks, we are more concerned

about exploring the character of the dataset.
Pattern Imbalance!

Handwritten digit recognition scenario

Digit 0: ? Digit 1;

OOO

______________________________________________________________________________________________________________

\

Is it classifying backgrounds or classifying digit?
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I Validation PEII‘NEE

From Data View

epoch1 OclsO epoch10 cls3 epoch1 Ocls5 epoch100¢cls 0 epoch1 00cls 3 epoch100 cls5

(a) Representation space

From Model View

epoch1 Ocls0 epoch1 0 cls3 epoch10 cls 5 epoch1 00clsO epoch1 00cls 3 epoch1 00 cIs 5
(b) Activation path
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From Optimization View

Different patterns have different training extent. The classification
loss Is used to characterize the extent of optimization.

The alignment of these views

Pair Random Rep-Path Rep-Loss Path-Loss
CCT 0.118 0.241 0.577 0.508

CCTap = EgEQEsi,sjeg,Rg:R% [1(R; = Ri)]

Pattern imbalance exists!
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We attribute the OOD generalization problem to the mining of
nard or minority patterns under imbalanced patterns.

we argue that the model should not learn the knowledge reflected by
, but the knowledge contained in
, that Is, more macro patterns.

\ 4

Seed Category
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Definition 1 (Seed) For a given dataset D and the above
concept of adjacent samples, we define seed set S if and
only if for any sample © € D — S, there exists at least one
s € S that satisfies x and s are adjacent samples. We define
each sample in the smallest seed set S as seed.

Definition 2 (Seed Category) For any seed s, we define the
union of this seed and the samples B subordinate to it as
seed category, i.e.,

Cseed — {S} U Bs- (4)



I Algorithm

Algorithm 1 Dynamic Distribution Based on Seed Cate-
gory

Require: Original data D, total training steps 7', re-

distribution cycle &,

Ensure: Model parameters 6

l:
2:

fort=1to7 do

Conduct re-distribution and update seed category
for D every t( steps.

Maintain a weight distribution vector ¢ on these
seed categories.

Sample data from each seed category as a batch.

Calculate average losses and update weights for
each seed category.

Weight normalization.

Update model parameters € according to distribu-
tion weight vector gq.

- end for
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Algorithm ERM DANN IRM GDRO MLDG MMD MTL ARM SagNet VREx Ours
Train-domain validation set
A 81.1 81.9 82.7 86.2 81.8 84.9 82.5 82.1 83.0 81.4 82.0
C 81.6 77.8 78.5 80.5 80.0 81.0 79.9 82.9 78.6 81.4 80.3
P 97.0 95.1 96.4 96.2 95.3 95.7 95.5 93.6 95.3 96.0 96.8
S 74.1 75.4 74.3 75.3 69.5 73.3 79.6 76.0 80.7 77.8 80.8
Avg. 83.5 82.6 83.0 84.5 81.6 83.7 84.4 83.6 84.4 84.2 85.0
[Leave-one-domain-out cross validation
A 82.7 79.0 82.7 81.3 82.6 81.6 80.0 77.2 80.7 81.8 83.5
C 80.0 76.1 78.5 76.8 79.5 80.8 80.3 82.9 78.1 79.9 79.9
P 95.3 95.1 96.4 94.8 97.7 95.1 96.7 93.1 95.7 954  96.2
S 75.3 72.4 74.3 80.3 70.5 71.7 74.6 73.2 63.6 72.8 83.2
Avg. 83.3 78.6 83.0 83.3 82.5 82.3 82.9 81.6 79.6 324  85.7
Test-domain validation set
A 30.9 74.0 72.4 72.4 82.6 81.2 84.5 73.5 77.5 81.8 80.2
C 81.2 75.6 77.1 79.0 81.3 81.7 76.1 76.7 78.6 79.7 79.6
P 95.1 91.0 90.9 94.8 94.9 95.1 94.2 94.7 95.7 95.3 94.4
S 78.1 76.1 74.1 72.6 73.2 78.8 74.6 70.6 77.4 76.3 84.3
Avg. 83.8 79.2 78.9 79.7 83.0 84.2 82.3 78.9 82.3 83.3 84.6

PACS dataset



EIGHRAISHLE T ERFA A

FPAttern Recognition ano NEural Computing

I Experiment PEII‘NEE

Algorithm ERM DANN IRM GDRO MLDG MMD MTL ARM SagNet VREx Ours

Train-domain validation set

0.1 71.6 71.5 61.0 72.5 72.4 49.3 71.8 72.8 714 72.3 72.8
0.2 72.6 73.2 67.8 72.2 72.6 63.4 71.6 726 73.5 73.0 73.2
0.9 9.8 10.0 9.8 10.2 10.1 10.8 10.2 10.1 10.3 10.2 10.7
Avg. 51.3 51.6 46.2 51.6 51.7 41.2 51.2 518 51.7 51.8 52.2
Leave-one-domain-out cross validation
0.1 61.4 50.9 48.8 50.9 49.2 49.5 47.8 47.4 50.7 72.2 55.6
0.2 50.5 50.1 50.2 51.0 53.3 50.6 66.8 50.6 494 50.7 71.8
0.9 9.8 10.0 9.8 10.2 10.1 9.8 10.2 10.1 10.3 10.0 10.2
Avg. 40.6 37.0 40.6 37.3 37.5 36.7 41.6 36.0 36.8 44.3 45.9
Test-domain validation set
0.1 64.6 69.7 51.0 67.1 70.1 50.5 67.2 778 64.6 72.2 71.8
0.2 68.5 70.6 62.3 68.4 71.0 50.6 68.8 70.3 68.7 71.7 72.5
0.9 26.5 13.5 50.6 38.5 23.8 10.3 20.1 17.5 28.4 204 37.1
Avg. 53.2 51.3 54.7 58.0 54.9 37.1 52.1 55.2 53.9 57.8 60.5

Table 3. Evaluation of the domain generalization ability of the proposed method compared with recent OOD algorithms on the ColoredM-
NIST dataset. 0.1, 0.2, 0.9 represent the color flip probability of three domains. All values are shown in percentages.
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Datasets ColoredMNIST PACS

Methods Loss Cluster Loss Cluster
Seeds per domain 2 3 4 2 3 4 2 3 4 2 3 4
Model Selection1 | 51.5 51.5 522 | 51.6 516 519 | 829 83.0 85.0 | 825 826 826
Model Selection 2 | 38.5 41.8 459 | 37.3 373 375 | 828 842 85.7 | 835 835 838
Model Selection3 | 59.2 574 60.5 | 548 593 530 | 83.1 796 84.6 | 82.2 &81.8 809

Table 4. Performance vs. seed category calculation methods.
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Datasets CMNIST RMNIST PACS OfficeHome VLCS

Methods Baseline Owurs | Baseline Ours | Baseline Ours | Baseline Ours | Baseline Ours
PCMA(G) 0.186 0.186 0.437 0.437 8.112 8.124 8.113 8.128 8.117 8.125
TTR(min) 6.18 7.14 7.75 9.62 44.15 48.14 66.53 71.19 76.57 81.71

Table 5. Efficiency of our method compared with baseline. PCMA represents peak CUDA memory allocated and TTR represents the time
of a training round.
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Algo. A C P R  Avg. Algo. C L S V  Avg
ERM 5477 473 7277 740 62.2 ERM 98.1 3590 70.1 746 754
DANN 543 51.1 730 674 615 DANN 985 63.0 569 746 732
IRM 554 49.1 682 750 619 IRM 954 593 742 76.0 76.2
GDRO 5577 520 714 747 634 GDRO 949 663 69.7 713 75.6
MTL 53.0 47.1 705 76.3 61.7 MTL 96.1 595 700 73.0 74.6
ARM 519 46.8 69.8 71.0 599 ARM 946 629 740 703 754
SagNet 53.1 490 725 734 620 SagNet 934 604 751 750 76.0
Ours 575 504 732 740 63.8 Ours 974 0664 70.1 728 76.7
Table 6. Evaluation on OfficeHome datasets. All values are shown Table 7. Evaluation on VLCS datasets. All values are shown in
in percentages. A, C, P, R represent four domains of OfficeHome, percentages. C, L, S, V represent four domains of VLCS, 1.e.,

i.e., Art, Clipart, Product, Real World. Caltech101, LabelMe, SUN09, VOC2007.
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