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ARTICLE INFO ABSTRACT
Communicated by Sifei Liu Generalizing to out-of-distribution (OOD) data is a challenging task for existing deep learning approaches. This
problem largely comes from the common but often incorrect assumption of statistical learning algorithms that
Iz\:IlSAC(;s the source and target data come from the same i.i.d. distribution. To tackle the limited variability of domains
41A10 available during training, as well as domain shifts at test time, numerous approaches for domain generalization
65D05 have focused on generating samples from new domains. Recent studies on this topic suggest that feature
65D17 statistics from instances of different domains can be mixed to simulate synthesized images from a novel domain.
X i While this simple idea achieves state-of-art results on various domain generalization benchmarks, it ignores
eywords:

structural information which is key to transferring knowledge across different domains. In this paper, we
leverage the ability of humans to recognize objects using solely their structural information (prominent region
contours) to design a Structural-Aware Feature Stylization method for domain generalization. Our method
improves feature stylization based on mixing instance statistics by enforcing structural consistency across the
different style-augmented samples. This is achieved via a multi-task learning model which classifies original
and augmented images while also reconstructing their edges in a secondary task. The edge reconstruction
task helps the network preserve image structure during feature stylization, while also acting as a regularizer
for the classification task. Through quantitative comparisons, we verify the effectiveness of our method upon
existing state-of-the-art methods on PACS, VLCS, OfficeHome, DomainNet and Digits-DG. The implementation
is available at this repository.

Computer vision
Image classification
Domain generalization

1. Introduction Early works on DG (Li et al.,, 2018c; Muandet et al., 2013; Li
et al., 2018b) are based on aligning the distributions of source do-
mains with the goal of learning a domain-invariant representation.
The motivation behind this technique is that features which are in-
variant to the source domains should also be robust to shifts in target
domains. Despite their initial success, these methods typically suffer
from over-fitting to source domains (Zhou et al., 2021a). Recently,

Various recent studies (Hendrycks and Dietterich, 2019) have shown
the high sensitivity of deep learning models to domain shift, as well as
the significant drop in accuracy of such models when tested on out-
of-distribution (OOD) data. This is mainly due to the over-simplistic

assumption of statistical learning algorithms, such as deep neural several DG approaches proposed to mitigate the limited number of
networks, that the training (source) and testing (target) data come source domains in training, as well as the shift of target domains, by
from the same domain/dataset and that they follow the same inde- generating samples from new synthetic domains. Based on this idea,
pendent and identically distribute (i.i.d.) distribution. In practice, this feature-based augmentation or stylization methods create samples by
assumption may not hold, and ignoring the OOD nature of test data can transforming the latent representation of training examples so that
lead to catastrophic failure. The problem of domain generalization (DG) ~ their semantic information (class label) remains the same but also

encode styles (e.g., textures, colors, etc.) that are different from those
of source domains. A simple yet powerful feature stylization method,
called MixStyle (Zhou et al., 2021b), mixes the feature statistics from
instances of different source domains to generate novel ones, and
then trains a model on the augmented set of samples. In Jeon et al.
(2021), this method is enhanced using a domain-aware supervised

was introduced (Blanchard et al., 2011) to learn domain shift without
having access to samples of the target domain during training. In other
words, the DG setup tries to train a model on related but distinct source
domains in such a way that the model can perform well on any other
unseen target domain at test time.
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contrastive loss which minimizes the cosine distance between features
of same-class examples, regardless of their domains, while pushing
away same-domain examples from different classes. Although feature
mixing approaches like MixStyle achieve state-of-art performance on
various domain generalization benchmarks, it ignores the structural
information of images which is key to transferring knowledge across
different domains.

The method proposed in this paper is inspired by the natural abil-
ity of humans to recognize objects using only structural information
represented by the contours of prominent regions in the image. For
example, a child can recognize a dog from a simple, imperfect drawing
as well as from real images of the animal. Following this idea, we
design a Structure-Aware Feature Stylization method for DG which
improves feature stylization based on instance statistics by enforcing
structural consistency across different style-augmented samples. To-
ward this goal, our method leverages a multi-task learning model that
classifies original and style-augmented images while also reconstruct-
ing prominent edges in a secondary task. This reconstruction task helps
the encoder preserve important structural information during feature
stylization and acts as a regularization prior for the classification task.
The contributions of our work are the following:

1. We propose a novel feature stylization method for DG which
enforces both semantic information (class labels) and structural
information (prominent edges) consistency in style-augmented
features via a multi-task learning model.

2. Using the proposed method, we shows a robust and consis-
tent improvement in five popular DG benchmarks for classifi-
cation, PACS (Li et al.,, 2017), VLCS (Fang et al., 2013), Of-
ficeHome (Venkateswara et al., 2017), DomainNet (Peng et al.,
2019), and Digits-DG (Zhou et al., 2020b), outperforming several
recent DG approaches.

2. Related works

A wide range of deep learning methods have been proposed to
tackle the problem of DG. Recent approaches for this task can be
grouped in three broad categories (Zhou et al., 2021a): Data Aug-
mentation based methods, Self-Supervised Learning based methods and
Disentangled Representation Learning based methods.

Data Augmentation (DA) In supervised learning, DA is commonly
used to regularize the training of over-parameterized neural networks
to avoid over-fitting. This well-known technique uses a given set of
transformations to augments original training pairs so that their label
is preserved. In DG, since the target domain data is not accessible in
training, the transformation is applied to simulate domain shifts. This
can be achieved in three different ways: (1) learnable augmentation,
(2) off-the-shelf style transfer, and (3) feature-based augmentation. The
first approach uses an augmentation network to synthesize images from
source samples so that the joint distribution of synthesized pairs is
different from the one of existing source domains. The classifier is
then trained with both source images and synthesized images. Based on
this idea, the Deep Domain-Adversarial Image Generation (DDAIG) (Zhou
et al., 2020a) method trains a domain transformation network such
that the class label of transformed images can be recognized but not
their domain label. Leveraging a similar approach, ADAGE (Carlucci
et al., 2019b) generates images from an agnostic synthetic domain
with a Hallucinator network so that the domain cannot be recovered
from the augmented image (pixels) nor its extracted features. Learning
to Augment by Optimal Transport (L2A-OT) (Zhou et al., 2020b) is
another learnable augmentation method that generates pseudo-domain
images by maximizing the distance between source domains and the
new pseudo-domains, as measured by optimal transport (OT). Cycle-
consistency and classification losses are used to preserve the semantics
and global structure of generated images. Off-the-shelf style transfer
approaches for DG exploit the recent advances in style transfer (Huang
and Belongie, 2017) and try to map input images from one domain
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to another domain (Somavarapu et al,, 2020) or even to external
styles (Yue et al., 2019). As an example, the method in Somavarapu
et al. (2020) uses a transformation network based on AdaIN (Huang and
Belongie, 2017) and, for each source domain, maps an input image to
the target style of randomly selected domain. In contrast to the above-
mentioned approaches, which mainly operate on pixels, feature-level
augmentation (Mancini et al., 2020; Zhou et al., 2021b) are motivated
by the fact that style-related information is captured in statistics of
CNN features. MixStyle (Zhou et al., 2021b) introduced a plug-and-play
module, inserted between CNN layers, that mixes the feature statistics
of two instances with a random convex weight to simulate new styles.
The Feature Stylization and Domain-Aware Contrastive Learning (Jeon
et al.,, 2021) approach instead supposes that instance-wise statistics
come from a normal distribution characterizing the batch. They then
compute the batch-wise statistics and sample a new distribution from
these. Original features are decomposed into high-frequency and low-
frequency components, and feature stylization is only applied on the
low frequency one. To encourage semantic consistency, a loss maximiz-
ing the agreement between the model prediction for the original and
augmented feature maps is also proposed. Unlike this approach, which
explicitly adds high-frequency features over stylized low-frequency
ones, our method enforces structural consistency in a more flexible way
using a secondary reconstruction task.

Self-Supervised Learning (SSL) Methods based on SSL seek to
find a good representation by solving a pretext task that does not
require any label (e.g., predicting the transformation applied to the
image Gidaris et al., 2018 or whether two transformed images come
from the same original one Grill et al., 2020). The driving hypothesis
of such technique is that the learned representation captures generic
but useful features which help learn a downstream task, typically
in a fine-tuning step. In DG, SSL methods help avoid over-fitting to
domain-specific biases. As an example, Carlucci et al. (2019a) trained
an encoder to solve a Jigsaw puzzle problem in addition to a regular
classification task, so that the network can learn features that are more
generalizable across domains. In Bucci et al. (2021), authors combined
jigsaw puzzle solving and rotation prediction tasks to increase the
robustness of encoded features to domain shift. Similarly, the DG
approach in Albuquerque et al. (2020) combines rotation prediction
with the task of predicting responses to Gabor filter banks to improve
generalization. While our method also reconstructs prominent edges of
the image using a separate task, we do so in a consistency loss, jointly
optimized with the classification loss, which preserves the structure of
images for different feature-based augmentations.

Distangled Representation Learning (DRL) Instead of forcing
the model to learn a domain-invariant representation, DRL methods
split it in a domain-specific part and a domain-agnostic part, the latter
one used to extract domain-invariant features. In Ilse et al. (2019),
the authors train three independent encoders, the first for domain-
specific features, the second for class-specific features, and the third for
capturing residual variations. The representations of these encoders are
used to reconstruct the original input via a Variational Auto Encoder
(VAE). Two adversarial classifiers, trying to predicting the domain and
class of samples from their representation, are added to disentangle the
corresponding features.

3. Method

Our framework follows a multi-task learning approach that im-
proves feature stylization based on instance statistics by enforcing
structural consistency across different style-augmented samples. In this
section, we first describe the baseline setup of multi-source domain gen-
eralization for image classification, then introduce our novel structure-
aware feature stylization method.

3.1. Problem definition

For a classification task, denoting the input space as X and the target
space as Y, a domain is defined as the joint distribution of Py, on
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Fig. 1. The overall architecture of the proposed method.

XxY. For a specific domain, we denote as Py the marginal distribution
on X, Py x the posterior distribution of Y given X, and Pyy the
class-conditional distribution of X given Y. In the multi-source domain
generalization setup, we have access to M similar but distinct source
domains, S = {S;} 11‘1 ,- In general, we assume that the joint distribution
of each domain P)((')y is different from that of others, P)((')y # P)((”Y) when
i # i’. Each source domain consists of N; samples, S; = {(x5.i>, yﬁ.'.))}j.\]:"1
The target domain, whose joint distribution is also different from source
domain ones, is denoted by 7 = {x }jVT The labels for the target
domain are unknown and need to be predlcted The goal is to find the
learning function f : X — Y estimating Py|y, by minimizing a given
loss function £ : Y x Y — [0, o].

3.2. Structure-aware feature stylization

The proposed framework for Domain Generalization is illustrated
in Fig. 1. Our Structure-Aware Feature Stylization model is added on
top of a baseline CNN classifier, composed of an encoder followed by a
classification head. It boosts the classifier’s ability to generalize to new
domains by mixing the feature statistics of source images and forcing
the edge reconstruction of style-augmented samples to be similar to the
true edges of original images. As baseline classifier, we train a neural
network f : X — [0,1]X which consists of a feature extractor g(-)
made of multiple convolutional layers, followed by a classifier A(-) with
a single fully-connected layer and softmax output. Here, K = |Y] is
the number of classes, which is same for all domains. We train f by
minimizing the cross-entropy loss,

1 1
ce = _MZF 4 Z (‘) lngk (,))’ (1)

1

where y(’) = 1 if the class label of xj' is k, else 0. The next sections
detail the feature stylization and structural consistency loss components
of our model.

3.2.1. Feature stylization

While any other technique can be employed, our feature-based
augmentation method is based on MixStyle (Zhou et al., 2021b). This
approach is inspired by the adaptive instance normalization (AdaIN)
method for style transfer (Huang and Belongie, 2017), which replaces
feature statistics of a content image with statistics of a style image. For
feature stylization, we choose two random instances (x, %) in a batch
and compute feature statistics as

= ac(x) + (1 —a)o(X)

Vmix

Prix = ap(x) + (I — a)u(X)

(2)

where « are instance-wise weights sampled from the Beta distribution,
a ~ Beta(0.1,0.1), and u(x),o(x) are the mean and standard deviation

computed across the spatial dimension within each channel of each
instance, as follows:

1 H W
”b,c(x) = Z Z xb,c,h,w

h:l w=1
3

1 & < 2

Ub,c(x) W ’; 2 xb,c,h,w - :Mb,c(x))
=1 w=1

Finally, the mixed feature statistics are obtained as
d(x) = ymixx_—ll(X) + ﬂmix' (C))

o(x)

As it requires no explicit image synthesis mechanism and can be applied
to any mini-batch training algorithm, this feature stylization method is
simple to design and implement. Yet, as shown in our experimental
results, it yields state-of-art performance when combined with the
proposed structural consistency loss.

3.2.2. Structural consistency loss

The human vision system strongly relies on structural cues to locate
and identify objects in a scene. From a young age, we can easily recog-
nize a broad range of objects from very sparse structural information,
for instance, a sketch with a few lines. Usually, these objects can still
be recognized when colors or textures are modified in complex ways
(e.g., changing the color of a giraffe from yellow to green).

Based on this idea, we define a loss to enforce structural consistency
between source images and their style-augmented version. Let x be a
training image and X = ¢(x) its stylized version, where ¢(-) is a feature-
based augmentation function from a set .A. We extract the structural
information in x using a Canny edge detector (Canny, 1986) which
comprises five steps: (1) removing the noise with a Gaussian filter, (2)
finding intensity gradients in the image, (3) using minimum cut-off
suppression of gradient magnitudes to thin out edges, (4) applying a
double threshold to remove spurious edge responses, (5) tracking edges
by hysteresis to suppress weak edges that are not connected to strong
ones. Compared to simple filter-based detectors, the Canny detector
produces a sparser edge response that better corresponds to the true
contours of objects in the image (Canny, 1986).

Denote as z € [0, 1]"*H the edge map produced in an unsupervised
manner by the detector for an image x € R"*H. To ensure that
structural information is preserved for different feature-based augmen-
tations ¢, we add a decoder d(-) that reconstructs z from the output
of the feature extractor, g(x). Let Z,(x) = d(¢(g(x))) be the predicted
edge map for features stylized using transformation ¢. Our structural
consistency loss is defined as

M N;
Ty A Y By (2] ®)
i=1 Vi =l

where #(-) is a combination of Dice loss (Sudre et al.,, 2017) and
binary cross-entropy. We note that the edge reconstruction should also
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Ablation study for our method on the PACS dataset, reporting the mean and standard deviation across three runs.

Method Accuracy (%)

Art Cartoon Photo Sketch Avg
Baseline 80.49 +0.71 74.84 +0.52 95.89 +0.37 68.54 +0.91 79.94
Only feature stylization 84.42 +0.79 78.65 +0.64 96.27 +0.08 75.66 +0.03 83.75
Only edge reconstruction 79.23 £1.27 78.85 +0.29 93.35 +£0.73 79.26 +0.99 82.67
Both (Ours) 85.53 +0.14 79.89 +0.97 96.75 +0.45 82.28 +1.04 86.11

Table 2

Average accuracy of our method for the Sketch class of the PACS dataset, using different
values of hyper-parameters A and p. Reported values are the mean and standard
deviation across 3 runs.

A p

0.1 0.3 0.5 0.8
0.01 81.52 +1.16 80.57 +0.69 81.49 +0.47 81.61 +0.75
0.05 80.90 +1.37 80.21 +1.26 81.16 +0.26 82.28 +1.04
0.1 79.94 +1.27 82.16 +1.06 81.72 +0.70 80.54 +0.59
0.4 80.92 +0.89 80.55 +1.09 80.90 +1.22 80.88 +0.52
1.0 79.66 +1.40 80.31 +0.87 79.83 +0.48 80.07 +0.80

be accurate for the original images. To account for this, we define a
hyper-parameter p € [0, 1]. Then, with probability p, the feature trans-
formation function is drawn randomly from A and, with probability
1 — p, the identity function is used for ¢ (no stylization). Using a value
of p = 0 thus encourages the features of source domains to encode struc-
tural information without explicitly considering their generalizability to
new domains, similar to the SSL approach in Albuquerque et al. (2020).

The structural consistency loss is optimized jointly with the classi-
fication loss, using the following total loss

£tat = Cce + j'[:sc (6)

where hyper-parameter A controls the trade-off between the two loss
terms.

4. Experimental setup
4.1. Datasets and evaluation

We validate our method using five popular DG benchmarks for
classification, PACS (Li et al., 2017), VLCS (Fang et al., 2013), Of-
ficeHome (Venkateswara et al., 2017), DomainNet (Peng et al., 2019),
and Digits-DG (Zhou et al., 2020b). PACS contains 9991 images of 7
classes belonging to four different domains, d € {Photo, Art, Cartton,
Sketch}. VLCS (Fang et al., 2013) is comprised of four different do-
mains, d €{Caltech101, LabelMe, SUN09, VOC2007}, five different
classes, and 10,729 different photos. OfficeHome (Venkateswara et al.,
2017) includes four domains, d € {Art, Clipart, Product, Real}, 65
classes, and a total of 15,588 photos. DomainNet has 6 domains,
d € {Clipart, Infograph, Painting, Quickdraw, Real, Sketch}, 345 classes
and 586,575 photos. Digits-DG consists of four different domains,
namely MNIST (LeCun et al., 1998), MNIST-M (Ganin and Lempitsky,
2015), SVHN (Netzer et al., 2011) and SYN (Ganin and Lempitsky,
2015). In this dataset, images of different domains vary significantly
in terms of font style, color and background, making it a highly
challenging benchmark for out-of-distribution scenarios.

We follow a leave-out-one-domain strategy to evaluate performance
for these datasets, where three domains are selected for training and
the remaining one is used for testing. The final results correspond to
the average accuracy calculated across the four different test domains.

4.2. Implementation details

For our experiments, depending on the dataset, we use different
model architectures and data augmentations. Specifically, for PACS

and Digits-DG, we employ a ResNet-18 model, while for the more
challenging VLCS, OfficeHome, and DomainNet datasets, due to their
pronounced domain shifts and size, we opt for ResNet-50 as our back-
bone. The feature stylization block is incorporated after the initial two
residual blocks of the encoder. For decoding, we employ residual blocks
similar to the encoder but use transposed convolution layers in lieu of
down-sampling layers. At test time, the decoder is omitted, retaining
only the encoder and classification head for inference.

During training, for all datasets, we apply random cropping and
horizontal flipping as transformations. Additionally, for VLCS, Office-
Home, and DomainNet, we used ColorJitter, RandomGrayScaling, and
ColorNormalizing transformations, following by the approaches in Do-
mainBed (Gulrajani and Lopez-Paz, 2020). All our models are optimized
using Stochastic Gradient Descent (SGD) with a momentum of 0.9
and weight decay of 0.0005, allocating 20% of the training data for
validation.

5. Results

We start by analyzing the proposed method by performing ablation
studies and evaluating the impact of varying its hyper-parameters. We
then provide visualization examples showing the ability of our method
to preserve structural information across different feature-based aug-
mentations. Finally, we compare our method against state-of-the-art
approaches for DG and show its superior performance.

5.1. Ablation and parameter impact studies

We conduct an ablation study on the PACS dataset, using the
ResNet-18 backbone, to evaluate the respective contribution to per-
formance of the structural consistency loss and feature stylization
components of our model. Four ablation variants are compared: the
Baseline model where these two components are disabled, the model
using only feature stylization (4 = 0), the model with the edge recon-
struction task but no feature stylization (p = 0), and the proposed model
combining both components.

As reported in Table 1, both the feature stylization and the edge
reconstruction task yield significant improvements compared to the
Baseline, when used by themselves. Using only feature stylization in-
creases the average accuracy by 3.81% on PACS. Similarly, adding edge
reconstruction without any feature-based augmentation raises average
accuracy by 2.73%.

Not surprisingly, we observe that improvements brought by edge re-
construction is highest for domains with strong structural information,
such as the Cartoon (improvement of 4.01%) and Sketch (improve-
ment of 10.72%) domains. Additionally, improvements compared to
using only feature stylization or edge reconstruction are statistically
significant with p < 0.05 based on a paired t-test.

Next, we study the impact on performance of two important hyper-
parameters, A and p, respectively controlling the weight of the struc-
tural consistency loss of Eq. (5) and the ratio of samples on which
feature stylization is applied. Table 2 shows our method’s accuracy for
the Sketch domain of PACS using different values of hyper-parameters
A and p. As can be seen, our method gives a good accuracy for a wide
range of values, but generally works well with lower 4 and higher p
values.
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Comparison of our method with other state-of-the-art (SOTA) methods across three datasets: PACS (using Resnet-18 as the backbone), and
VLCS and DomainNet (using Resnet-50 as the backbone). The table also provides the average performance across the three datasets. For other
methods, results for PACS, are sourced from Kim et al. (2021); results for VLCS, OfficeHome and DomainNet, they are sourced from Cha et al.

(2021).
Algorithm PACS VLCS OfficeHome DomainNet Avg.
InfoDrop?® (Shi et al., 2020) 82.2 - - - -
EISNet” (Wang et al., 2020) 82.2 - - - -
L2A-OT? (Zhou et al., 2020b) 82.8 - - - -
DSON? (Seo et al., 2020) 85.1 - - - -
pAdaIN?® (Nuriel et al., 2021) 82.5 - - - -
FSDCL? (Jeon et al., 2021) 85.9 - - - -
DMG (Chattopadhyay et al., 2020) 81.5 - - 43.6 -
MetaReg (Balaji et al., 2018) 81.7 - - 43.6 -
mDSDI (Bui et al., 2021) - 79.0 69.2 42.8 -
MMD (Li et al., 2018b) 84.6 77.5 66.4 23.4 63.0
Mixstyle (Zhou et al., 2021b) 83.7 77.9 60.4 34.0 64.0
IRM (Arjovsky et al., 2019) 83.5 78.6 64.3 33.9 65.1
GroupDRO (Sagawa et al., 2019) 84.4 76.7 66.0 33.3 65.1
ARM (Zhang et al., 2021) 85.1 77.6 64.8 35.5 65.8
VREx (Krueger et al., 2021) 84.9 78.3 66.4 33.6 65.8
CDANN (Li et al., 2018d) 82.6 77.5 65.7 38.3 66.0
DANN (Ganin et al., 2016) 83.6 78.6 65.9 38.3 66.6
RSC (Huang et al., 2020) 85.2 77.1 65.5 38.9 66.7
MTL (Blanchard et al., 2021) 84.6 77.2 66.4 40.6 67.2
Mixup (Yan et al., 2020) 84.6 77.4 68.1 39.2 67.3
MLDG (Li et al., 2018a) 84.9 77.2 66.8 41.2 67.5
ERM (Vapnik, 1998) 85.5 77.3 66.5 40.9 67.6
SagNet (Nam et al., 2021) 86.3 77.8 68.1 40.3 68.1
CORAL (Sun and Saenko, 2016) 86.2 78.8 68.7 41.5 68.8
SelfReg” (Kim et al., 2021) 86.5 77.8 67.9 43.1 68.8
SWAD (Cha et al., 2021) 82.9 79.1 70.6 46.5 69.8
DNAP (Chu et al., 2022) 83.1 79.0 71.2 47.2 70.1
Ours 86.1 80.7 70.2 46.1 71.0

a2 Methods marked are sourced from Jeon et al. (2021).

b Results for methods marked are sourced from their original paper.

Table 4

Comparison to the state-of-art on the Digits-DG dataset, reporting the mean accuracy and standard deviation across three runs.

Source: Results of other methods are taken from Zhou et al. (2021b).

Accuracy (%)

Method MNIST MNIST-M SVHN SYN Avg
Baseline 95.8 58.8 61.7 78.6 73.7
JiGen (Carlucci et al., 2019a) 96.5 61.4 63.7 74.0 73.9
CCSA (Motiian et al., 2017) 95.2 58.2 65.5 79.1 74.5
MMD-AAE (Li et al., 2018b) 96.5 58.4 65.0 78.4 74.6
CrossGrad (Shankar et al., 2018) 96.7 61.1 65.3 80.2 75.8
L2A-OT (Zhou et al., 2020b) 96.7 63.9 68.6 83.2 78.1
MixStyle (Zhou et al., 2021b) 96.5 63.5 64.7 81.2 76.5
SWAD? (Cha et al., 2021) 97.30 £0.17 61.36 +0.76 63.81 +0.94 87.24 +0.31 77.43
DNA? (Chu et al., 2022) 97.46 +0.05 62.41 +0.63 62.77 +1.16 87.75 +0.92 77.60
Ours 98.10 +0.16 65.12 +0.22 71.29 +0.13 91.24 +0.06 81.44

2 Methods were evaluated over three runs using the same backbone as in the original implementation of MixStyle.

5.2. Edge reconstruction analysis

We demonstrate that our consistency loss helps preserve structural
information by comparing the true edge map of a non-stylized image
to the reconstructed output of the same image after feature stylization.
As shown in Fig. 2, the quality of reconstruction increases with higher
values of hyper-parameter 4, since more importance is then given
to the edge reconstruction task. Although small differences in the
reconstructed edge map are observed across different augmentations,
the outputs are globally consistent.

5.3. Comparison to the state-of-the-art

We present a detailed comparison of our method with leading
domain generalization approaches in Table 3 for datasets PACS, VLCS,

OfficeHome, DomainNet, and their average. Additionally, our results
on the Digits-DG dataset are provided in Table 4.

For the Digits-DG dataset, we adopted the experimental setup
from Zhou et al. (2021b) to ensure a fair comparison.

Our results indicate that while our approach may not always rank
first for every dataset, it demonstrates stable and strong performance
across varied domain shifts. For example, our method handles changes
in style in datasets like PACS and DomainNet and also could adjusts
to different environments and contexts in datasets such as VLCS and
OfficeHome. As a result, our method achieves the best average accuracy
when compared to other models.

In our comparison, we included various domain generalization tech-
niques ranging from data augmentation methods like L2A-OT (Zhou
et al., 2020b), pAdaln (Nuriel et al., 2021), and Mixstyle (Zhou et al.,
2021b) to regularization approaches like RSC (Huang et al., 2020).
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Fig. 2. Comparison of decoder output for original input and 4 random feature stylized
input when model trained with different A and p = 0.5 on Sketch as target domain.

These comparisons further highlight the consistent performance of our
method across different challenges and benchmarks.

6. Conclusion

In this paper, we proposed a novel approach for domain generaliza-
tion based on structure-aware feature stylization. Our approach enables
the network to simulate domain shift in the latent representation by
mixing instance-wise statistics of features in the encoder. It preserves
structural information across different feature-based augmentations us-
ing a consistency loss that imposes reconstructed edge maps of stylized
images to be similar to the true edges of the original, non-stylized ones.
Experimental results showed that our multi-task setup regularizes the
network by exploiting domain-invariant cues related to structure in the
representation. Consequently, the classifier trained with our structure-
aware stylization framework can better generalize to unseen domains.
Our results also demonstrated the outstanding performance of our
method compared to state-of-art approaches for DG, in particular for
large domain shifts where preserving structural information is crucial.
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