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 Domain Adaptation(DA):

In traditional machine learning, we assume that the training and test sets are independently and identically
distributed (1.1.d.). However, this assumption does not hold in real-world scenarios. The core task of domain
adaptation is to enable the model to extract consistent features between the source domain and the target domain.

 Domain Generalization(DG):

Domain generalization involves training a model using only one or multiple related domains, such that the
trained model can directly generalize to unseen target domains.

* Difference:

Domain adaptation uses both labeled source domain data and unlabeled target domain data for training, whereas
domain generalization only employs labeled source domain data. In domain adaptation, target domain data 1s
partially accessible during training, while in domain generalization, target domain data is completely unavailable.
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Many models perform excellently on the source domain but
experience a significant performance drop on the test domain.
The core problem is that the model captures excessive
domain-specific features rather than domain-invariant ones.
Through experiments, we found unstable activations across
different domains at the feature level.

Problem Statement
How to i1dentify and suppress these domain-sensitive
channels that lead to degraded generalization performance.

-

Numbers of Channels

30

25

20

15

10

ParN E RIGRAISHEE T BARE

Baseline

DomainDrop

Channels with
Unstable Activations

/

0.

0

02 04 06 08 1.0 12 14
Magnitude of Standard Deviations

1.6



RIS+ 8iA7RE
I Background pEII‘NEE | S |

This paper proposes a simple yet effective framework, DomainDrop, which can
explicitly silence domain-sensitive channels, 1.e., unstable channels.

This paper aims to remove domain-specific features from representations during
the forward propagation process. In addition, a domain discriminator is introduced
to assign a specific dropout rate to each channel based on its effectiveness in the
domain recognition task.
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Suppressing Domain-Sensitive Channels

To clearly understand how the model removes domain-specific features during training, domain discriminators
are inserted into multiple intermediate layers to locate domain-sensitive channels. Each intermediate branch
consists of a global average pooling (GAP) layer and a fully connected (FC) layer.
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Distinguish Domain-Sensitive Channels
To determine which channels contain domain-specific information, a domain discriminator is used as an
indicator. Specifically, we assume that channels contributing the most to domain prediction contain domain-
specific information, and quantify the correlation between them.We define the score of the j-th channel of the

feature map as:

s; = WY . GAP(Fy(a}));, )
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Dropping Domain-Sensitive Channels
To explicitly reduce domain-specific information in the feature map, we propose selecting and dropping the

most domain-sensitive channels during training. Specifically, using the score S;, we first compute the probability P;
of dropping the j-th channel:
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Layer-wise Training Scheme

Through experiments, we observe that domain-specific patterns commonly exist across network layers.
Therefore, we adopt a layer-wise training strategy: we randomly select an intermediate layer in the network and
apply DomainDrop to the feature map at each iteration. This scheme effectively reduces the channel sensitivity to
domain shift across multiple network layers.
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Enhancing Domain-Invariant Channerls

During the training stage, DomainDrop is used to remove domain-sensitive channels probabilistically, which
1s equivalent to applying Gaussian noise to domain-specific features. To alleviate the output inconsistency caused
by such perturbations introduced by DomainDrop, a dual consistency loss is proposed to strengthen domain-
invariant channels.

i ~ o
Leons =5 (KL[o(F(2)1/T)|lo (F(x)2/T)] 5)

+KL[o(F(2)2/T)||o(F(z)1/T))),



I Experiment PHPNEE USRS 4%+ BT 7348

dataset
Experiments are conducted on four traditional domain generalization (DG) datasets:
PACS consists of images from four domains: photo, art painting, cartoon, and sketch, covering 7 object categories
and 9,991 images.
Office-Home contains 65 categories across four domains with approximately 15,500 images.
VLCS includes five categories from four domains, and the dataset is split into training and validation sets with a
7:3 ratio.
DomainNet comprises 345 categories from six domains.
Subsequently, 80% of the source domain data is used for training and 20% for validation.

Experiments Setting up

The batch size is set to 128, weight decay to 0.0005, and the initial learning rate to 0.002. A decay rate of
0.1% 1s applied to the learning rate for 80% of the total epochs (with the total number of epochs set to 50).
Additionally, an alternative configuration uses an initial learning rate of 5e-5 and a batch size of 64. For
DomainDrop, the dropout rate 1s set to 0.33; the weight of the Gradient Reversal Layer (GRL) 1s set to 0.25; and
the temperature parameter T for the dual consistency loss 1s set to 1.5.
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Ablation study:
The first setting applies DomainDrop to all layers, activated with a probability of 0.5 per layer,
and comparisons are conducted on the PACS and Office-Home datasets.
The second setting applies DomainDrop only to a single fixed layer, rather than to multiple

random layers.
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The third setting removes the dual consistency loss that is used to enhance domain-invariant

features.
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(a) Effect of dropout probability.
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(b) Effects of dropout ratio.

Figure 4. Effects of hyper-parameters including the probability of
applying DomainDrop and the dropout ratio in DomainDrop. The
experiments are conducted on PACS with ResNet-18 backbone.
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