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Abstract. Although convolutional neural networks (CNNs) have shown
remarkable ability in different computer vision tasks, they do not cope
well with domain shifts. Recent studies show that the domain shift
mainly results from the style or texture variation of images rather than
the content. Inspired by this, we propose dynamic style transferring to
overcome the style bias of CNNs. Specifically, we design a knowledge-
injected attention mechanism for learning adaptive fusion weights and
embedding the style knowledge of dynamic chosen images in latent space.
So the extent of transferred style is controlled, and we can retain content-
related information. Furthermore, we introduce the content preserving
module, which builds an adversarial structure with the encoder to make
the extracted style information more precise. For balancing the adversar-
ial relationship between encoder and auxiliary predictor, we also intro-
duce a consistency loss to empower the style-biased predictor and indi-
rectly boost the encoder’s ability by extending the back-propagation
process. We conduct extensive experiments on PACS and Office-Home
datasets to evaluate the effectiveness of our method. Experiment results
show remarkable performance over the state-of-the-art methods in the
domain generalization.

Keywords: Transfer learning - Domain generalization - Style
transfer - Content preserving

1 Introduction

In the past few years, Convolutional Neural Networks (CNNs) achieved satis-
factory performance in many computer vision tasks with the help of large scale
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well-labelled data. However, most CNN models are trained based on the i.i.d.
assumption that training and testing data share the same data distribution. In
the real world, the hypothesis is not always satisfied, and models often suffer
from poor generalization ability in unseen domains. For boosting the perfor-
mance of CNN models in unseen environments, annotating extensive amounts of
data for each scenario to train networks is expensive and unpractical. To solve
this problem, Unsupervised Domain Adaptation (UDA) [1-5] is an alternative
method without the requirement of extra labelled data.

UDA methods intend to transfer the knowledge learned from the labelled
source domain/task to the unlabeled target domain/task. Most UDA methods
strive to align the domain distribution by learning domain invariant features of
the source and target domains. In general, UDA methods can be divided into
two categories, the discrepancy-based method and the adversarial-based method.
The discrepancy-based methods alleviate the domain discrepancy by minimizing
some predefined statistic metrics between the source and target domains in a high
dimensional space. For aligning domain distributions, adversarial-based methods
optimize the feature encoder in an adversarial training paradigm. Despite the
success of UDA methods, unlabeled target domain data is still required for align-
ing domain distributions. Therefore the target domain is fixed during the training
process, and models may suffer from poor generalization ability in environments
out of training distribution.

As a transfer learning method with relaxed data constraints, Domain Gen-
eralization (DG) [6-8] intends to boost the generalization ability of models in
arbitrary domains out of source distribution with only labelled source data.
The existing DG approaches have tried to learn invariant features across mul-
tiple domains by minimizing feature divergences between the source domains
[1,9-12], normalizing domain-specific gradients based on meta-learning [7,13—
16], robust optimization [17-20], or augmenting source domain examples [6,21—
25]. For example, Zhou et al. [25]randomly select two instances from different
domains and adopt a probabilistic convex combination between instance-level
feature statistics of bottom CNN layers. Despite the success of the above meth-
ods in mitigating the domain shift, they only reduce the domain gap in an
ambiguous manner, which lacks specific optimizing orientation upon the cause
of domain shifts. Recent studies [22,26] show that the domain shift mainly results
from the style or texture variation of images rather than the content.

Motivated by this observation, Generative Adversarial Networks (GANs)
are adopted by many researchers to reduce domain gaps by transferring image
appearances. Nevertheless, the GAN-based approaches usually contain large
scale parameters, which is time-consuming and hard training. Recently, normal-
ization methods (e.g. BN [27], IN [28], CIN [29]) attracted increasing attention
for style transferring as it’s efficiency. One of the popular approaches is Adaln
[26], which is proposed to transfer image styles by normalizing feature statistics.
Inspired by this work, many normalization-based domain generalization methods
are proposed, including SagNet [22] and CrossNorm [30]. SagNet [22] provides a
new idea for mitigating the difference between domain distributions, which dis-
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Fig. 1. Classification task about multi-source domain generalization. Given labelled
data sampled from several source domains, training the model to learn domain invariant
features. Then apply the model to an unseen target domain.

entangles style features from categories information and exchanges statistics of
features randomly to prevent style biased predictions and focus more on the con-
tents. Similarly, the CrossNorm also proposes to exchange channel-wise statics
between features for enlarging the training distribution. Although both methods
improved the model generalization ability under image style shifts, they cannot
control the extent of the statistics exchange. Therefore, they tend to ignore some
content-related information or pay too much attention to trivial information such
as one-sided style features (Fig. 1).

To solve the above problem, we propose the dynamic style transferring and
content preserving for domain generalization, which makes the extent of trans-
ferred style controllable and reduces the intrinsic style-bias of CNNs in an adver-
sarial learning paradigm. Specifically, we first design a knowledge-injected atten-
tion mechanism to learn weight vectors for adaptively fusing style knowledge of
mini-batch instances in feature space. This enables an adaptive style integration
to capture content-related information hidden in the style knowledge. Second,
we introduce the dynamic content preserving module by building an adversar-
ial learning paradigm between the feature encoder and the auxiliary predictor
to make the extracted feature irrelevant to the image appearance. Further, in
order to enable the encoder to learn the content-biased representation in a long
phase, we impose a content consistency loss to boost the optimizing of auxiliary
classifier during the minimax game. Therefore, our approach can mitigate the
inherent style bias of CNNs by capturing the content-biased representation.
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Our main contributions can be summarized as follows:

— We propose a domain generalization method with dynamic style transferring
and content preserving, which makes the extent of transferred style control-
lable and overcomes the intrinsic style bias of CNNs in an adversarial learning
paradigm.

— We introduce consistency loss to balance the encoder and auxiliary predictor,
which build an adversarial structure. Therefore the encoder can learn the
content-biased representation in an extended phase by the back-propagation.

— We conduct extensive experiments on three widely used domain generalization
benchmarks, including PACS and Office-Home. The results demonstrate that
our method achieves comparable performance to state-of-the-art methods.

2 Related Work

Unsupervised Domain Adaptation (UDA) tackles the domain shift problem
where labelled source data and unlabelled target data are available for train-
ing. Most UDA methods derive from the point of view of reducing the domain
gap between different domains. Maximum Mean Discrepancy (MMD) [31] is an
important statistic metric to mitigate the domain distribution shift in previous
works. Ganin et al. [1] introduced Domain Adversarial Neural Network (DANN)
to align the feature distributions. DDC [32] was proposed to alleviate the domain
discrepancy by adding adaptation layers for matching high-order moments of fea-
ture distributions. Saito et al. proposed MCD [33] by devising a domain discrim-
inator to learn domain-invariant features in an adversarial manner for bridging
the domain gaps. Inspired by the image translation idea of CycleGAN [34], some
methods [35-37] translate the target style into source images to close the domain
gap at the image level.

Domain generalization aims to make the model more robust against
unseen domains with only access to the source data. Similar to domain adapta-
tion, some multi-source domain generalization works utilize domain alignment
methods to minimize the domain discrepancy among source domains for learn-
ing domain invariant features. These methods [38,39] argue that feature distri-
butions aligned among source domains should also be robust to unseen target
domains. The popular feature aligning methods include minimizing Maximum
Mean Discrepancy (MMD) [39,40], minimizing the KL divergence [41] and adver-
sarial learning [9,42]. The works [43,44] design the model with certain parts
for learning domain-specific and domain shared representations. For instance,
Chattopadhyay et al. [43] proposed to learn a balance of domain-invariant and
domain-specific features by domain-specific masks. Thus both in-domain and
out-of-domain generalization performance are improved. Work [45] proposed to
iteratively discard the dominant features activated on the training data, and
encourage the network to activate remaining features that correlates with labels.
The domain generalization method we proposed is more lightweight compared
to previous methods and adaptive learning is performed to enable a controlled
degree of style transformation.
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Normalization plays a vital role in deep neural network training and image
style transferring. Ioffe et al. [27] introduced a Batch Normalization (BN) layer
to speed up the convergence of models and alleviate the “gradient diffusion”
problem in deep networks by normalizing the feature statistics. Batch Normaliza-
tion is a benchmark technology that has inspired many following normalization
methods [26,28,29,46,47]. Ulyanov et al. [28] found that significant improve-
ment could be achieved simply by replacing batch normalization with instance
normalization. Dumoulin et al. [29] proposed a Conditional Instance Normaliza-
tion (CIN) to learn different affine parameters for different styles. Nevertheless,
CIN cannot be adapted to arbitrary new styles without re-training the model.
Adaptive Instance Normalization (AdaIN) [26] enables arbitrary style transfer
in real-time by aligning the mean and variance of the content features with those
of the style features. Compared to BN, IN and CIN, AdalN adaptively computes
affine parameters from style inputs to achieve arbitrary style transfer.

3 Methodology

In this section, we elaborate our dynamic style transferring and content preserv-
ing for multiple/single source domain generalization. We first review the back-
ground knowledge about instance normalization and style transferring in Sect.
3.1. Secondly, we overview the basic paradigm of domain generalization and the
proposed method in Sect. 3.2. Thirdly, we detail the dynamic style transferring
and content preserving modules in Sect. 3.3 and Sect. 3.4, respectively.

3.1 Preliminary

As revealed by recent studies [48-50], CNNs are sensitive to the style of images
extracted from domains with different data distributions. For inducing the intrin-
sic style bias of CNNs, both GAN-based and instance normalization-based meth-
ods [26,28,29] are proposed. Compared with GAN-based methods, instance
normalization-based methods are more efficient and easy inserted into other
methods. They [26,51] utilize the channel-wise mean and standard deviation as
style representation and transfer image styles by normalizing feature statistics.
Let 2 € RBXCXHEXW denotes a batch of feature maps, where B, C, H and W
indicate the dimension of batch, channel, height and width, respectively. Instance
normalization transforms the normalized feature map, which is formulated as,

z — p(z)

o()

where 7,3 € R® are learnable parameters of the affine transformation. And
u(z),o(xr) € REXY indicate the mean and standard deviation of each feature
map at the spatial dimension within the channel according to Eq. 2 and 3, respec-
tively.

IN(z) =~ + 8, (1)

1 H W
/Uf(x)b,c = ﬁ }; u; Th,c,h,w (2)
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1 H W
o(@)p,c = HW Z Z (Tb,c,hw — N(x)b,C)Q (3)

Inspired by this, some researchers [26,28,29] utilize the mean and the variance
of the features for style transferring. Huang et al. [26] propose Adaptive Instance
Normalization (AdalN) for arbitrary style transfer by recombining the mean and
variance of the content features with those of the style features.

AdalN(z) = U(y)x;(/;gx) + u(y), (4)

where x,y denote the content feature and the target style feature, respectively.

3.2 Overview of Proposed Method

In terms of data availability for training, we assume that we have only access
to the source instances x; € X, and the corresponding labels ys € Y, from the
source distribution ps(x,y). Under the scenario of domain generalization, the
target image and label are not available for training. Our main goal is to train
a neural network on the source domain and generalize well to unseen target
domains by inducing the style bias of network.

As illustrated in Fig. 2, our framework consists of three sub-modules, i.e. the
shared feature encoder, dynamic style transferring with a style-agnostic clas-
sifier and content preserving module with an auxiliary predictor. The shared
encoder F extracts features of instances for predicting the categories of inputs.
As the target data is unavailable in the training phase, we adopt the dynamic
style transferring module to enrich the style information by knowledge-injected
attention mechanism for learning content invariant representations. The style-
agnostic classifier G is supervised by a task loss Ly for accurately predicting
image classes. Meanwhile, the dynamic content preserving module builds an
adversarial structure between the encoder and auxiliary predictor G,. The min-
imax game between them encourages the encoder to generate less style-biased
representations. Furthermore, we design a content consistency loss for balancing
the adversarial relationship between encoder F and auxiliary predictor G,. And
it also makes the content features extracted by the encoder more style irrelevant.
It is worth noting that we only employ the encoder E and auxiliary predictor
G, during the evaluation stage.

3.3 Dynamic Style Transferring

In domain generalization, the alignment of domain distributions plays a signif-
icant role. Recent studies [48-50] show that domain distribution shifts mainly
result from the style or texture variation of images. Inspired by these stud-
ies, SagNet [22] proposed style randomization to reduce this gap so that the
encoder can focus on capturing content-related features. However, the extent of
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Fig. 2. An illustration of our method, which consists of three sub-modules, including
the shared feature encoder, dynamic style transferring with style-agnostic classifier,
and dynamic content preserving module with auxiliary predictor. The dynamic style
transferring module leads the style-agnostic classifier to focus on content information in
the feature map. The dynamic content preserving module guides the auxiliary classifier
to focus on the style information, while adversarial learning makes the feature extractor
generate less style-related representation.

statistics exchanges is uncontrollable. And they tend to ignore some content-
related knowledge hidden in style features. To solve this problem, we propose
the dynamic style transferring (DST) module, which can control the extent of
transferred knowledge by introducing a knowledge-injected attention mechanism.
This mechanism helps achieve the goal of adaptively fusing style knowledge of
mini-batch instances in latent space by learning weight vectors. This enables an
adaptive style integration to capture content-related information hidden in the
style knowledge.

Our knowledge-injected attention mechanism is inspired by the channel-
attention mechanism [52], and we implement the attention function a(:,-) by
a single linear layer to process both the mean and standard deviation of feature
maps. Given a training image z and a dynamic selected image z’, we extract
their intermediate feature maps by F(z) = A, E(2') = A’ € RPXHXW from the
encoder F/, where H and W indicate spatial dimensions, and D is the number of
channels. Then we calculate the statistic 4,04 € RP as the style representation
by Eq.5 and 6:

P Ao = 230 A (5)
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The dynamic style transferring constructs the transferred style knowledge
u,o € RP through the knowledge-injected attention mechanism based on A and
A

p=a(ma par); (7)
oc=a(oa,04), (8)

where a(-,) denote our attention function, and pas, 04/ indicate the channel-
wise statics of A’.

Then we implement style transfer by conducting affine transformation on
normalized A:
Az pa

DST(A,A) = o
o

+ p. 9)
The transferred feature map is fed to G for a content-biased prediction, and we
obtain the cross-entropy loss Ls to jointly optimize E and Gg:

K

arg min Ly = —FE(x yyes Z yi log Gs (DST (4, A)),, (10)
E,G; k=1

where K is the number of classification categories, y € {0,1}* is the one-hot
label for input z and S = {Xj,Y;} is the training set.

The introduction of the knowledge-injected attention mechanism re-
calibrates the statistics to control fusion extents and increases the diversity
of style combinations by adjusting the injecting weights. Therefore the style-
agnostic classifier G4 can be robust against the style change and predicts cate-
gories based on the content information.

3.4 Dynamic Content Preserving

In addition to learn a style-agnostic predictor, we design the dynamic content
preserving module to further mitigate the style bias of network by learning
style-related feature representations. Concretely, we first construct an adversarial
structure between feature encoder E and auxiliary predictor G, to constrain the
encoder to learn content-agnostic features. In other words, the style knowledge
would be captured by the feature encoder to contain as little content information
as possible. To achieve this goal, G, is encouraged to make auxiliary decisions
according to the content preserved features DCP(A, A’) by L,. Besides, the
predictor tries to predict x accurately, which adversarially makes the encoder
capture the discriminative representations. Lastly, we impose a content consis-
tency loss L.s; to balance the adversarial structure in the minimax game and
preserve the ability of the encoder to encode content-related feature.

In contrast to the dynamic style transferring module, this module retains the
style knowledge of feature map A and replaces its content with a dynamically
selected representation A’ as,

A/ — HAr

DCP(A,AI)ZO'A~7+MA. (11)
g A
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Fig. 3. Illustration of the knowledge-injected attention mechanism. It learns adaptive
fusion weights and embedding the style knowledge of dynamic chosen images in latent
space.

Figure 3 illustrates the process of the dynamic content preserving. Once the
content transformation is finished, the transferred feature maps are fed into the
auxiliary classifier G, to compute the auxiliary predictions. We employ a cross-
entropy loss L, to optimize G,:

K
argmin L, = —E(x y)es Z yilog G, (DCP (4, 4")), , (12)
G
a k=1
where yj is the label of the instance z, and the optimization goal of the loss
function L, is to promote G, make correctly predictions based on the content
transferred feature of z (DST(A, A’)). On the other hand, we train encoder £
to fool G, by minimizing an adversarial loss L,q, as follows.

argmin Lagy = —AaavE(x,yes Z log G, (DCP (4, A"))), (13)
E

where \,qv is a hype-parameter for adjusting the adversarial extent.

Although the two networks and objective functions construct an adversarial
structure, the capability between them may not be balanced as the discrimina-
tor is weak, which results in the learning of the encoder being terminated in
early phase. Essentially, the improvements of generators or encoders come from
the gradient back-propagation of the discriminator’s loss. When the predictor
is fooled easily by generators, the marginal cost in the later training phase
is insufficient to drive the generator to jump out the local optimum point in
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Algorithm 1. Training algorithm of our method.

Input: training data S = (:ci,yi)iAil; batch sizeN;

Initialize: feature extractor E; style-agnostic classifier G; auxiliary classifier G,
‘While not converged X,Y = Minibatch(S, N)

A = E(X)

A’=SHUFFLE(A)

A° =DST(AA)

S%g min L, = — % Z;\Izl Zkl,(:l Y 1 log Gs(AF )k

A° = DCP(A,A)

ng min L, = —+ Z;V:l S Yk log Ga(AS)k
. _ 1 N K 1 c
argmin Lagy = —Xadvy 25—y 21 % 108 Ga (AS),
E
é”éq min Legi = _>\csi % Zj-vzl Ele ||Ga(A§) - A;”i
e;ld
Output: E o G

optimization space. Motivated by this, we impose the consistency loss L.s; to
empower the auxiliary classifier, which minimizes the mean square error between
auxiliary predictions and content preserving predictions. Therefore, it not only
promotes the adversarial relationship between encoder and auxiliary predictor,
but also makes the encoder learn content-biased representations in an extended
phase and protects the encoder’s ability to capture content-related features. The
above consistency loss is computed as,

]gg] min Legi = Acsi ]EXES Zszl {Ga (DCP (Av A/))k -G, (Al)k}2 (14)

where A is the weight coefficient which controls balance of the adversarial
game. We analyze the influence of different A.y value in ablation study (Sect.
4.3).

4 Experiments

In this section, we conduct extensive experiments to validate the effectiveness of
our methods on three widely-used benchmarks, including PACS [44] and Office-
Home [53]. We first introduce the datasets and implementation details. Then
we analyse the experimental results on datasets and discuss the ablation study.
Finally, we analyse the visualization result domain alignment of the proposed
method.
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4.1 Datasets and Implementation Details

In this section, we first introduce three widely used benchmarks, including
PACS [44] and Office-Home [53]. Then we describe the implementation details
of our method.

PACS is a domain generalization dataset that consists of 9991 images across
four domains, namely Photo, Art Painting, Cartoon and Sketch. Each domain
contains seven categories. Following the official split [44], we split the data of
PACS into 70% training and 30% validation.

Office-Home is a benchmark dataset for domain adaptation that contains four
domains, including Art, Clipart, Product and Real-World. Each domain consists
of 65 categories with an average of about 70 instances per class. We split the
15588 instances of Office-Home into 90% training and 10% validation follow-
ing [8].

Implementation Details. The proposed method is implemented on PyTorch
and trained on a single NVIDIA RTX 2080TI GPU. During the training, we
adopt the Stochastic Gradient Descent (SGD) optimizer with a weight decay of
0.0001, momentum of 0.9 and an initial learning rate of 0.0004 for all datasets.
We adopt the cosine scheduling for the learning rate adjusting, and the adjusting
iterations is 2k. The adversarial weight are fixed to 0.1. Limited by the GPU
memory, we set the training batchsize to 96 on PACS and 32 on others.

4.2 Results on PACS

In this section, we conduct the experiments of single-source domain generaliza-
tion and multi-source domain generalization on PACS. We employ the ResNet-
18 [54] as our feature extractor for all experiments on the PACS dataset.

For demonstrating the effectiveness of our method under single-source
domain generalization setting, we conduct experiments on the PACS dataset
where only a single source domain data is accessible. We train our network on
each domain of PACS and validate the model on the remaining domains. As can
be seen in Table 1, our model outperforms the state-of-the-art method by a large
margin in most domains. Specifically, we outperform JiGen [6] by 11.7% and
higher than Sagnet [22] by 4.4%, in average. The reason may be that the pro-
posed dynamic style transferring significantly benefits the robustness of CNNs
against the appearance variation. And the content preserving module further
improves the performance by balancing the adversarial learning between the
encoder and auxiliary classifier.

Furthermore, for demonstrating the effectiveness of our method under multi-
source domain generalization task, we compare it with recent works, including
Epi-FCR [15], D-SAM [8], JiGen [6], MASF [7], MMLD [10], RSC [45], Stable-
Net [56] and SagNet [22]. The results of RSC and StableNet are from the original
paper, and the results of other methods in Tabel 2 are copied from [22]. The
experimental comparison results are shown in Table 2. We observe that the pro-
posed method achieves competitive performance against all the methods with
0.45-7.64% improvements in average accuracy, proving our method is robust to



Dynamic Style Transferring and Content Preserving 309

Table 1. Performance comparison at the single-source domain generalization on PACS
(A: Art Painting, C: Cartoon, S: Sketch, P: Photo).

Method A—-C/ A—-S A—-P|C—-A|C—»S|C—»P|S—A|S—C|S—P|P—A|P—-C | P—S|Avg.
ResNet-18 [54] | 62.3 |49.0 |95.2 |65.7 |60.7 |83.6 |28.0 |54.5 |35.6 |64.1 [23.6 |29.1 |54.3
JiGen [6] 57.0 |50.0 |96.1 |65.3 |65.9 |85.5 |26.6 |41.1 |42.8 |62.4 |27.2 |35.5 |54.6
ADA [55] 64.3 |58.5 |94.5 |66.7 |65.6 |83.6 |37.0 |58.6 [41.6 |[65.3 |32.7 |35.9 |58.7
SagNet [22] 67.1 |56.8 95.7 |72.1 |69.2 |85.7 |41.1 |62.9 [46.2 |69.8 |35.1 [40.7 |61.9
Ours 67.2 |62.4 | 96.3|67.8 |69.7 |87.7 |59.0 |65.1 |54.3 |67.2 |41.3 |56.3 |66.3

Table 2. Performance comparison at multi-source domain generalization on PACS.

Method Venue Art painting | Cartoon | Sketch | Photo | Avg.

Epi-FCR [15] | AAAT 2018 |82.10 77.00 73.00 [93.9 |81.50
D-SAM [§] ICPR 2018 |77.33 72.43 77.83 195.30 |80.72
JiGen [6] CVPR 2019 | 79.42 75.25 71.35 [96.03 |80.51
MASEF (7] NIPS 2019 |80.29 77.17 71.69 [94.99 |81.04
RSC [45] ECCV 2020 | 75.72 68.50 66.10 |93.93 | 76.06
MMLD [10] | AAAT 2020 |81.28 77.16 72.29 [96.09 |81.83
SagNet [22] CVPR 2021 | 83.58 77.66 76.30 |95.47 |83.25
StableNet [56] | CVPR 2021 | 80.16 74.15 70.10 |94.24 |79.66
Ours - 82.32 76.62 80.00 | 95.87 | 83.70

the style variations. Particularly, our approach brings significant improvement
on the Sketch domain, with a maximum improvement of 13.9% and a minimum
improvement of 2.17%. The improvement demonstrates that the dynamic style
transferring and content preserving are effective in reducing the intrinsic style
bias of the feature extractor. Therefore the generalization ability of our model
against style variations is improved. Besides, we also find SagNet [22] exceed
our model in Art Painting and Cartoon domains. We attribute this inferior per-
formance to two aspects. On the one hand, our method may not be as stable
as other methods due to the hype parameters are not fine-tuned. On the other
hand, we may suffer from a relatively high source risk in mussy backgrounds
such as Art painting, as our method performs well in Sketch and Photo domains
which have salient objects and brief background.

We also notice that the performance of our model decreases sharply under
the single-source DG setting, compared to the results of multi-source DG in
Table2. On the one hand, this demonstrates the number of training instances
plays a vital role in DG, and the single-source DG is a challenging task. On the
other hand, this validates that the rich variations of domain style benefit our
method to capture and induce the style bias as the multi-source experiments are
conducted on mixed data.

4.3 Ablation Study

In this section, we verify the effectiveness of the proposed dynamic style transfer-
ring (DST) and content preserving (DCP) under a single source domain gener-
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Table 3. Ablation study of our method on PACS for single-source domain general-
ization (A: Art Painting, C: Cartoon, S: Sketch, P: Photo). Aesi is the coefficient of
content consistency loss.

Method A—C/A—-S|A—-P|C—-A|C—S|C—P|S—-A|S—C|S—P|/P—-A|P—-C|/P—>S|Avg.
Baseline 67.1 |56.8 |95.7 |72.1 |69.2 |85.7 |41.1 |62.9 |46.2 69.8 |35.1 |40.7 61.9
DST w/o DCP 63.7 |65.1 |96.8 |70.1 |72.2 89.9 |43.7 |62.1 |53.1 |68.8 |32.9 |50.0 64.0

DST w/DCP (Aesj = 1) |66.2 |61.2 [96.3 |66.0 |70.3 [86.8 |41.2 |64.3 |47.7 |67.2 |41.6 [48.8 |63.1
DST w/DCP (A = 0.01)[66.8 [60.1 [95.9 |70.2 [69.4 [89.0 |50.7 |62.1 |54.5 66.5 |40.8 |52.2 |64.8
DST w/DCP (A = 0.1) |67.2 |62.4 (96.3 |67.8 |69.7 [87.7 |58.9 |65.1 [54.3 |67.2 |41.3 |56.3 66.3

alization setting on PACS, and we also show the influence of content consistency
loss in Eq. 14.

We adopt SagNet [22] as our baseline. First, we validate the effect of the
proposed DST based on the baseline (denoted as ‘DST w/o DCP’ in Table 3),
where the content consistency loss is not involved into the optimizing process.
Then we balance the adversarial learning between feature encoder and auxiliary
predictor by introducing the content consistency criterion. We explore the con-
sistency loss by varying the coefficient A.s; in Eq. 14 while the DST module is
fixed.

As illustrated in Table 3, all variants of our method significantly surpass the
baseline [22] in average accuracy. The comparison between baseline and 'DST
w/o DCP’ demonstrates that the adaptive style fusion weights can guide the
model to concentrate on useful information by dynamically adjusting the extent
of style knowledge transferring. As can be seen in the second and third rows of
Table 3, the performance of ‘DST w/ DCP(Aqsi = 1)’ is worse than original "DST
w/o DCP’. Such this accuracy degeneration may results from the imbalance
between feature extractor and auxiliary predictor. The large coefficient of content
consistency loss leads to the encoder failing in the minimax game, and the style
bias of CNNs impacts the extraction of domain invariant features.

The last three rows of Table 3 show the influence of hype parameters A 5;. We
observe that the best performance occurs in ‘DST w/ DCP (A = 0.1)’. And the
performance of ‘DST w/ DCP (A5 = 0.01)" surpasses ‘DST w/ DCP (Agsi = 1)’
with 1.7% in average accuracy. Particularly, ‘DST w/ DCP (Acs; = 0.01)” exceed
‘DST w/ DCP (Acsi = 1) in task S — A by 9.5%. We attribute such phenomenon
to the balance of adversarial training process between encoder and auxiliary pre-
dictor. The large coefficient of content consistency leads to the encoder failing
to reduce the style bias. On the contrary, a small coefficient makes the encoder
surpass the predictor in early-stage and unable to learn further via the adver-
sarial process. Therefore a proper coefficient is necessary for the content pre-
serving loss which intends to balance the minimax two-player game. And the
encoder can preserves the content feature benefiting from the DCP. Finally, we
set DCP(Aesi = 0.1) in the following experiments.
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Table 4. Performance comparison at single-source domain generalization on Office-
Home (A: Art , C: Clipart, P: Product, R: Real_ World).

Method A—C|A—-P A—-R|C—A|C—»P|C—-R|P—-A|P—-C|P—-R|R—A|R—C|R—P|Avg
ResNet-50 [54]|34.9 |50.0 |58.0 |37.4 |41.9 |46.2 |38.5 |31.2 |60.4 |53.9 |41.2 |59.9 |46.1
ERM [61] 40.0 |47.7 |57.9 |39.0 |51.8 |52.3 |37.4 |30.3 |56.4 |53.3 |41.5 |69.7 |48.1
ARM [57] 41.0 |48.7 |63.1 |36.4 |45.6 |47.7 |44.6 |32.8 |56.9 |51.8 |42.6 |69.2 |48.4
Fish [20] 40.5 |54.4 |63.1 |41.5 |52.8 |58.5 |41.0 |36.4 |66.7 |53.8 |41.5 |73.8 |52.0
SD [58] 45.6 |57.4 |66.2 |43.6 |53.3 |52.8 |40.0 |34.4 |65.1 |56.9 |47.7 |72.8 |53.0
DAN [2] 43.6 |57.0 |67.9 |45.8 |56.5 |60.4 |44.0 |43.6 |67.7 |63.1 |51.5 |74.3 |56.3
DANN [1] 45.6 |59.3 |70.1 |47.0 |58.5 |60.9 |46.1 |43.7 |68.5 |63.2 |51.8 |76.8 |57.6
SagNet [22] 48.7 |61.0 |70.3 |48.7 |55.4 |62.1 |50.8 |45.6 |69.2 |62.6 |54.9 |76.9 |58.8
Ours 49.7 |62.6 |73.8 |50.8 |59.0 |64.1 |52.3 |46.7 |73.3 |63.1 |48.2 |76.9 |60.0

4.4 Results on Office-Home

In this section, we further compare our method with recent state-of-the-art works
[1,2,20,22,54,57,58] under single-source domain generalization setting on the
Office-Home dataset. The results of ResNet-50 [54], DAN [2] and DANN [1] are
copied from [59], and the results of other methods in Tabel 4 are reproduced
from the code in DomainBed library [60].

The comparison results are shown in Table4. We can observe that the pro-
posed method exceeds all of the comparison approaches in most tasks and aver-
ages accuracy by a large margin. In particular, our approach achieves 4.1% gain
on P — R task and 1.2% gain on average, compared to the state-of-the-art Sag-
Net [22] on accuracy. We note that SagNet exchanges the style statistics in a ran-
dom interpolation manner. Therefore, they tend to ignore some content-related
information or pay too much attention to trivial information such as one-sided
style features which are unrelated to the prediction. Besides, the adversarial
training in SagNet is also unbalanced, which results in the back-propagation
disabled in the later phase.

5 Conclusion

This paper proposes the dynamic style transferring and content preserving to
alleviate the style bias of CNNs. Concretely, we design a knowledge-injected
attention mechanism to control the extent of embedding the style knowledge
of dynamic chosen images in latent space. So the content-related information
hidden in style knowledge can be retained. Furthermore, we introduce the con-
tent preserving module, which builds an adversarial structure with the encoder
to make the captured style information more precise. Experiment results show
our method achieve remarkable performance over the SOTA methods in the
single/multiple source domain generalization.

Limitation. Because of the adversarial relationship between the encoder and the
auxiliary classifier, our model suffers from the performance degradation in some
sub-tasks. As our approach does not leverage domain labels, it may be significant
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to further improve the performance under multi-source domain setting by adding
a domain discriminator to capture the domain information.
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