
NIPS 2023



Background

Domain Adaptation (DA)         vs Domain Generalization (DG)

— source domainS — seen target domainT — unseen target domainT
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Difference:① In DA, both the source domain and target domain are accessible (There 
is only unlabeled target domain data in unsupervised DA, i.e., UDA);

② In DG, the target domain are not accessible!



Background

Conventional Domain Generalization (DG)

All classes are known in 
source domain and target domain !

Y: {‘Gog’, ‘Elephant’}

Matsuura T, Harada T. Domain generalization using a mixture of multiple latent domains[C] AAAI 2020



Background

Semi-Supervised Domain Generalization (SSDG)

known classes (green box)

seen unknown classes (blue box)

unseen unknown classes (red box)

+ unknown classes

The label set:



Background

Domain Generalization (DG)      vs Semi-Supervised DG + unknown classes
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Method

Out-of-Distribution  + Semi-Supervised  +  Domain Generalization

① Detecting Known and Unknown Classes ② Improving Target Domain Generalization

Method name： Class-Wise Adaptive Exploration and Exploitation (CWAEE)



Method

① Detecting Known and Unknown Classes

a

Since no extra classifiers are designed for new classes,

a naive idea is to 

Ⅰ) replace the softmax function with the sigmoid function; {  𝑝̂௜
௖ = σ(𝑧௜

௖ ) }

Ⅱ) set a fixed threshold 𝛿 = 0.5 for known and unknown classes.  { 𝑝̂௜
௖ ≥ 𝛿 as known }

{ 𝑝̂௜
௖＜𝛿 as unknown }



Method

① Detecting Known and Unknown Classes

To get well-calibrated probabilities :

Ⅰ) 𝑝̂௜
௖ = σ(𝑧௜

௖)  𝑝෤௜
௖ = σ(𝑧௜

௖/𝜏௖)

A more reasonable way is to use the class-wise adaptive threshold :

Ⅱ) 𝛿 = 0.5  𝛿௞௡௪
௝ and 𝛿௨௡௞

௝

use a two-component beta mixture model to model the score distributions of known classes and unknown classes

𝑝̂௜
௝

≥ 𝛿௞௡௪
௝ as known classes 

𝑝̂௜
௝＜𝛿௨௡௞

௝ as unknown classes 

𝛿௞௡௪
௝

≤ 𝑝̂௜
௝＜𝛿௞௡௪

௝ as null



Method

① Detecting Known and Unknown Classes

𝛿௞௡௪
௝ and 𝛿௨௡௞

௝ can be set as the mean values of two fitted beta distributions.



Method

② Improving Target Domain Generalization

For labeled training data, we use the following supervised loss,

The overall loss of the training process is formulated as:



Method

② Improving Target Domain Generalization
The overall loss of the training process is formulated as:

For unlabeled training data predicted as known classes (i.e., 𝑦ො௜ ∈ 𝐶௟ ), the loss is defined as

For unlabeled training data predicted as unknown classes (i.e., 𝑦ො௜ = 𝑢𝑛𝑘𝑛𝑜𝑤𝑛), the loss is defined as



Method

② Improving Target Domain Generalization
The overall loss of the training process is formulated as:

To avoid overfitting on domain-related low-level statistics, we minimize the consistency regularization 
loss between the original unlabeled samples and the augmented ones to push the model to pay attention 
to the high-level semantics of the samples, defined as

How to make the augmented     ? 



Method

② Improving Target Domain Generalization — Fourier Transformation

The amplitude component A(x) and phase component P(x) are 
then respectively expressed as

Specifically, for each x, its Fourier Transformation F (x) is 
formulated as:



Method

② Improving Target Domain Generalization

Xu Q, Zhang R, Zhang Y, et al. A fourier-based framework for domain generalization. CVPR 2021

Amplitude Mix (AM)

— Fourier Transformation



Method

② Improving Target Domain Generalization



Experiment

Main Results



Experiment

Ablation Study



Experiment

Some Figures
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