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Domain Generalization

Unseen domain(s)

Source domains

% Given N source domains = build a model that generalizes well on unseen domains
1



Problems (1)

% In practice, more fraining domains do not necessarily mean better
performance when the number of source domains are limited

©
o
1
N\
N\

(0]
($)]
1
N\

° @
Accuracy. (%)
3

/" )

~

()]
|
7

70_ 1 | | | \\

4 3 2 1 \
Number of seen domains \

. (a) Digits5 dataset. N

Figure 1: Feature representation of Digitss dataset on different number of training domains



Problems (2)

% Existing methods only focus on training phase while neglecting testing phase,
which is crucial in domain generalization problem
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'Domain Generalization with MixStyle [ICLR 2021]
2Uncertainty Modeling for Out-of-Distribution Generalization [ICLR 2022]
SDomain Generalization with Correlated Style Uncertainty [WACV2024]
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Proposal: ConstStyle

*» Key concept: align feature representation of both seen and unseen domain to
a unified domain

Unified domain

Unseen domain Y
Generated samples



Overview of ConstStyle

“*Training phase
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% ldentify the unified domain
% Transforming styles of all samples to match the style of unifed domain
% Train the model with style-aligned samples



Overview of ConstStyle

“+Testing phase

Unified

Style domain
extractor

Unseen domains

% Unseen data is first adjusted to the unified domain then passed to
the model for prediction



Theoretical analysis

Theorem 1: The loss diffrerence between models trained on unified domain projected
data and original data {S,}x_, is bounded by the following inequality:

N
(L5F - 15¢) < 2 (Du(T,5:) +Do(T,50).

-

Theorem 2: The loss difference between LV and LS, where UT and ST are projected
unseen and seen data is bounded by the following inequaility:

LV~ 15" < ax B*(Dy(U,T) + Dy(U,T)) + € +/2Tr(D).



Main results
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(a) PACS dataset with Test domains are Art (left) and Sketch (right).
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Discussion
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Figure 2: Style statfistics for different domain combinations when training ResNet18 with Sketch as the test domain.
Accuracies for each domain combination are 67.44%, 44.57%, and 46.23%.

% Model performance only improves only when extra trained domain(s)
decrease the domain gap to unseen domain



Thank you



	Slide 0: ConstStyle: Robust Domain Generalization with Unified Style Transformation
	Slide 1: Domain Generalization
	Slide 2: Problems (1)
	Slide 3: Problems (2)
	Slide 4: Proposal: ConstStyle
	Slide 5: Overview of ConstStyle
	Slide 6: Overview of ConstStyle
	Slide 7: Theoretical analysis
	Slide 8: Main results
	Slide 9: Discussion
	Slide 10: Thank you

