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Abstract

Deep learning models for semantic segmentation often
experience performance degradation when deployed to un-
seen target domains unidentified during the training phase.
This is mainly due to variations in image texture (i.e. style)
from different data sources. To tackle this challenge, ex-
isting domain generalized semantic segmentation (DGSS)
methods attempt to remove style variations from the fea-
ture. However, these approaches struggle with the entan-
glement of style and content, which may lead to the unin-
tentional removal of crucial content information, causing
performance degradation. This study addresses this limi-
tation by proposing BlindNet, a novel DGSS approach that
blinds the style without external modules or datasets. The
main idea behind our proposed approach is to alleviate the
effect of style in the encoder whilst facilitating robust seg-
mentation in the decoder. To achieve this, BlindNet com-
prises two key components: covariance alignment and se-
mantic consistency contrastive learning. Specifically, the
covariance alignment trains the encoder to uniformly rec-
ognize various styles and preserve the content information
of the feature, rather than removing the style-sensitive fac-
tor. Meanwhile, semantic consistency contrastive learning
enables the decoder to construct discriminative class em-
bedding space and disentangles features that are vulner-
able to misclassification. Through extensive experiments,
our approach outperforms existing DGSS methods, exhibit-
ing robustness and superior performance for semantic seg-
mentation on unseen target domains. The code is available
at https://github.com/root0yang/BlindNet.

1. Introduction
Semantic segmentation, a technique that classifies each
pixel in an image into predefined categories, has garnered
significant attention due to its potential applications in vari-
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Figure 1. Comparison of semantic segmentation results be-
tween the baseline (DeepLabV3+ with ResNet50 backbone) and
our BlindNet. Both models are trained on the source domain
(GTAV [43]) and tested on the target domain (Cityscapes [8]).

ous fields. Particularly, it plays a crucial role in autonomous
driving [1, 18] and robotic systems [34, 35]. Besides, with
the advent of large datasets, deep neural networks have
emerged as a trending approach for semantic segmentation
tasks, achieving impressive results [3, 5, 44, 54]. However,
there remains a major bottleneck detailing the meticulous
and labor-intensive process of dataset labeling. More par-
ticularly, this process not only consumes time but also poses
economic challenges [8, 46]. To address this challenge,
synthetic datasets have emerged as a compelling alterna-
tive. Specifically, these datasets, generated using three-
dimensional (3D) rendering techniques, offer vast amounts
of easily accessible data, eliminating the need for manual
labeling [43, 45]. However, a challenge arises when mod-
els trained on synthetic datasets are deployed in real-world
scenarios. More precisely, a domain shift problem arises
due to style factor discrepancies (e.g. texture, illumination,
and image quality) between synthetic and real-world data,
which affects the performance of the model, as shown in
Fig. 1.

To address the domain shift problem, domain adaptation
semantic segmentation (DASS) has been introduced [15,
17, 22, 25, 51, 62]. Specifically, DASS aims to bridge
the gap between source and target domains by aligning
their data distributions. However, a significant limitation of
DASS is its dependency on the target domain during train-
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ing. For DASS to function effectively, target domain sam-
ples must be available during the training phase.

Meanwhile, domain generalized semantic segmentation
(DGSS) has been introduced as an alternative approach to
tackle the domain shift problem. Unlike DASS, DGSS
is trained only with the source domain, aiming to extract
domain-invariant features. To achieve this, two main tech-
niques have been employed: domain randomization (DR)
and feature normalization (FN).

DR augments the training set by introducing variability,
either by altering the image style [41, 60] or by modify-
ing the feature representation [24, 53]. By exposing the
model to a wider variety of styles via DR, the network is
less likely to overfit to the specific styles present in the train-
ing data. Consequently, the robustness of the model is im-
proved, making it more adept at generalizing to new, unseen
domains. Nevertheless, a crucial limitation of DR is its sig-
nificant dependence on auxiliary domains.

FN methods, converse to DR, regularize the features to
prevent the model from overfitting to the distinct styles or
characteristics of the training data. This is achieved by
removing domain-specific style information using feature
statistics, such as instance normalization [38] or whitening
transformation [7, 19, 39, 42]. While these approaches ef-
fectively remove style-related information, they simultane-
ously pose the challenge of removing semantic content be-
cause content and style information are entangled. Conse-
quently, the model fails to capture the essential patterns or
features required for accurate segmentation prediction.

To address this problem, we propose BlindNet, a model
that blinds the style within the encoder and improves the ro-
bustness of the decoder, without requiring auxiliary datasets
or external modules. Specifically, our proposed BlindNet
consists of two components: covariance alignment for the
encoder and semantic consistency contrastive learning for
the decoder. Precisely, the covariance alignment facilitates
the generation of style-invariant features with the proposed
covariance matching loss function (CML) and the cross-
covariance loss function (CCL). Specifically, CML miti-
gates the effects of style variations, while CCL focuses
on preserving content information, effectively addressing
the prevalent content information loss observed in the FN
method. To further improve the generalization ability, we
develop semantic consistency contrastive learning, which
consists of class-wise contrastive learning (CWCL) and se-
mantic disentanglement contrastive learning (SDCL). Par-
ticularly, the CWCL constructs a discriminative class em-
bedding space, while SDCL disentangles features of similar
classes that often lead to prediction errors. Extensive ex-
periments across various datasets demonstrate that the pro-
posed BlindNet outperforms existing DGSS methods.

Our contributions are summarized as follows:
• We propose a covariance alignment within the encoder,

comprising CML and CCL. Specifically, the CML aims
to mitigate the effects of style variations, while CCL en-
sures the preservation of content information, together fa-
cilitating the generation of style-agnostic features.

• We propose semantic consistency contrastive learning
within the decoder that comprises CWCL and SDCL, uti-
lizing segmentation masks. Specifically, CWCL gener-
ates discriminative embeddings, whereas SDCL disentan-
gles features of similar classes, enhancing the robustness
of the model.

• Through extensive experiments, we demonstrate the su-
periority of our approach in DGSS, without the need to
alter the network architecture or rely on external datasets.

2. Related Works
Domain adaptation and generalization for semantic seg-
mentation. Domain adaptation (DA) aims at minimiz-
ing the distribution discrepancy between different domains,
enabling a model to generalize from a source to a tar-
get domain. For DASS, adversarial training and cross-
domain self-training strategies are commonly used. Partic-
ularly, adversarial-based methods [15, 29] employ genera-
tive adversarial networks [11] to close the feature distribu-
tion gap between source and target domains. Meanwhile,
cross-domain self-training methods [16, 37, 59, 62] gener-
ate pseudo-labels for target domain data using pre-trained
models, and employ them as training data, thereby expand-
ing the training data and reducing distribution differences
between the source and target domain.

Domain generalization (DG) methods [26, 28, 30, 50,
61] aim to improve the generalization ability of the model
without accessing the target domain during training. Since
the difference in style of the image is the main cause of the
disparity, most existing domain generalized semantic seg-
mentation methods utilize the style information of the im-
age for domain-invariant learning. Feature statistics (e.g.
mean, variance, covariance, gram matrix, etc.) which are
commonly used in style transfer [10, 21, 27, 57] are em-
ployed to capture the style information. Interestingly, ex-
isting DGSS methods can be separated into two parts: i)
domain randomization to expand the distribution of style or
ii) feature normalization to remove style.

DR involves randomizing either the image or its features
through stylization to learn domain-invariant features from
various styles. For example, Peng et al. [42] extended the
source domain data by stylizing images in the style of unreal
paintings. Similarly, Yue et al. [60] and Huang et al. [22]
attempted to enhance generalization by synthesizing images
with diverse styles in the image space. In another study,
Lee et al. [24] adopted ImageNet data [9] as wild data and
performed randomization via synthesis in the feature space.
Meanwhile, Wu et al. [53] diversified the trainable feature
space by mixing the statistics of the feature and its color-
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jittered feature with Ada-IN [21].

FN methods aim to remove domain-specific styles from
features, extracting only domain-invariant content. For in-
stance, Pan et al. [39] first attempted the DGSS method,
combining batch normalization (BN) [23] and instance nor-
malization (IN) [48] in the network layer. While BN pre-
serves the content information within discriminative fea-
tures, IN focuses on removing domain-specific style infor-
mation from features. In a study, Choi et al. [7] addressed
the limitations of previous whitening transformation [6, 31]
that can eliminate the content information from the feature.
Specifically, they proposed an instance-selective whiten-
ing approach designed to remove covariance components
that are sensitive to domain shifts. Peng et al. [41] devel-
oped semantic-aware normalization that performs on class-
wise and semantic-aware whitening that aligns channels
based on the prediction through group whitening transfor-
mation [6]. In a study, Xu et al. [55] introduced the prior
guided attention module and guided feature whitening to
re-calibrate the feature and remove domain-specific style ef-
fects, respectively. Unlike the FN methods that directly re-
move the style component, our work explores a covariance
alignment method that mitigates the effect of the style’s ef-
fect while preserving the content information. Our method
achieves the DGSS without any additional modules or aux-
iliary datasets.

Contrastive Learning. Contrastive learning aims to learn
representations by maximizing the similarity between pos-
itive pairs of samples while minimizing the similarity be-
tween negative pairs. In recent years, it has attracted sig-
nificant attention for its effectiveness in learning discrim-
inative representations across various tasks [2, 4, 12, 14].
Oord et al. [36] were the first to introduce the infoNCE
loss, a type of contrastive loss function designed for self-
contrastive learning. In a work, Park et al. [40] introduced
patch-level contrastive learning for image translation, us-
ing co-located patches as positive pairs and spatially distant
patches as negatives to maintain image context. For the se-
mantic segmentation task, Wang et al. [52] introduced class-
wise contrastive learning to aid the model in learning the
embedding space of each class. Specifically, they sampled
the classes existing in the images and applied contrastive
learning based on the class label. For DGSS, Lee et al. [24]
adopted contrastive learning to learn the ImageNet infor-
mation in their model. Specifically, they set the ImageNet
data as wild and applied the contrastive learning method by
setting the wild-stylized feature and its closest wild content
as positive samples. In another study, Yang et al. [56] de-
veloped multi-level contrastive learning, which designed in-
stance prototypes and class prototypes for contrastive learn-
ing. Specifically, they sample each class’s pixel features and
apply contrastive learning with a transition-probability abil-
ity matrix. Unlike recent DGSS works that embed the origi-

nal image, we define contrastive learning for the augmented
image. Specifically, the proposed method builds a robust
embedding space by preserving the semantic consistency of
the feature representation across various domains.

3. Method
The goal of the proposed method is to train a segmentation
model φ on a given source domain S and generalize well
to the unseen target domain T . Precisely, the source do-
main S = {(x, y)} contains a paired image x ∈ RH×W×3

and segmentation label y ∈ RH×W×C , where H , W , and
C denote the height of the image, the width of the image,
and the class number of the segmentation map, respectively.
The model φ takes an original x and its augmented counter-
part xa, which have the same content but different styles,
and uses the feature information to enhance its generaliza-
tion ability.

As shown in Fig. 2, our method leverages the feature in-
formation through two main approaches: covariance align-
ment and semantic consistency contrastive learning. Specif-
ically, the covariance matching ensures that features, having
different styles but the same content, contain similar infor-
mation. Additionally, the semantic consistency contrastive
learning embeds the generalized features into discriminative
representation based on the segmentation label.

3.1. Covariance Alignment

The domain shift in semantic segmentation results from
changes in the visual characteristics of the image, known
as style. This style information is typically detected in the
shallow layers of networks [38], which are the encoders of
the segmentation model. Based on this understanding, our
method targets the encoder to handle style variations by em-
ploying the proposed covariance matching loss and cross-
covariance loss function.

Covariance Matching Loss

To train the network to uniformly recognize various styles
without removing content information, we introduce the
CML. Specifically, the loss aims to minimize the differ-
ence between covariance matrices derived from different
styles of image features. Given an image pair (x, xa), the
features from ith block of the encoder are represented as
F i ∈ R(Hi×W i)×Ci

and F i
a ∈ R(Hi×W i)×Ci

, respectively.
Further, following the methodologies of [7, 41], we com-
pute the covariance matrices using instance normalized fea-
tures [48], which ensures consistent scaling across features.
The feature maps are normalized and flattened into F̄ and
F̄a ∈ R(HW )×C , which are given by:

F̄ =
(F − µ(F ))

σ(F )
, F̄a =

(Fa − µ(Fa))

σ(Fa)
, (1)
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Figure 2. Overview of the proposed BlindNet. The network processes a pair of images - the original image x and its augmented counterpart
xa. It employs covariance alignment to treat encoder features and utilizes semantic consistency contrastive learning for the processing of
decoder features.

where µ(·) ∈ RC and σ(·) ∈ RC denote the mean and stan-
dard deviation of the features. Utilizing the normalized fea-
tures, we evaluate the covariance matrices for the original
and augmented image features as:

Σi
x,x = F̄ i

T · F̄ i, Σi
xa,xa

= F̄ i
a

T · F̄ i
a. (2)

The CML is then formulated to align these covariance ma-
trices, ensuring that the network maintains consistency in
the presence of style variations. The CML is defined as:

LCM =

ne∑
i=1

∥Σi
x,x − Σi

xa,xa
∥2, (3)

where ne denotes the number of blocks of the encoder.

Cross-covariance Loss

While the CML effectively aligns the internal distributions
of features within the same image, it does not fully account
for the direct correlations across paired images. To com-
plement this, we introduce CCL, which aims to encode the
consistent content information of an image pair (x, xa) by
utilizing the cross-covariance of the image pair. Given the
normalized feature pair (F̄ i, F̄ i

a), the cross-covariance of
the feature pair can be expressed as:

Σi
x,xa

= F̄ i
T · F̄ i

a. (4)

The cross-covariance is expected to exhibit an identity ma-
trix, as the feature pair should contain identical information.
Nonetheless, the proposed CCL converges only the diago-
nal component of the covariance matrix to one. This is to
prevent the drawbacks of the existing FN methods [7, 42]
from removing content information. The CCL function is
thus defined as:

LCC =

ne∑
i=1

∥diag(Σi
x,xa

)− 1∥2, (5)

where diag(Σc) ∈ RC denotes the column vector compris-
ing diagonal elements of Σi

x,xa
and 1 ∈ RC denotes the one

vector.

3.2. Semantic Consistence Contrastive Learning

While the encoder focuses on generating style-blinded fea-
tures, the decoder aims to improve the robustness of the
segmentation prediction against domain shifts. For the de-
coder, we employ a contrastive learning approach, which
has demonstrated effectiveness in extracting discriminative
features [4]. Specifically, we utilize the InfoNCE loss [36],
which is formulated as:

LIN (a, p, n) = − log

(
e(a·p/τ)

e(a·p/τ) +
∑N−

n e(a·n/τ)

)
(6)

where a, p, n, and N− denote anchor, positive sample, neg-
ative sample, and negative sample set, respectively.
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Figure 3. Illustration of semantic consistency contrastive learning: The mask M represents the error mask derived from the augmented
segmentation map. CWCL conducts contrastive learning by sampling per segmentation class and SDCL conducts contrastive learning
based on the M . Both methods share a projection head π for the semantic representation.

To achieve consistent feature representation in DGSS
across various styles, we introduce semantic consistency
contrastive learning. Specifically, the anchor is derived
from the augmented image xa, while the positive sample is
extracted from the corresponding pixel of the original im-
age x. Our method consists of two main components based
on the negative sample as shown in Fig. 3: class-wise con-
trastive learning and semantic disentanglement contrastive
learning.

Class-wise Contrastive Learning

Our CWCL aims to build a discriminative embedding space
for each segmentation class using different classes of the
original image as negatives. Given an image pair (x, xa),
the features from the jth block of the decoder at pixel
position (m,n) are denoted as F j

(m,n) and F j
a,(m,n) ∈

R(1×1)×Cj

, where Cj indicates the channel length of the
feature. As mentioned above, we take F j

a,(m,n) as the an-

chor and F j
(m,n) as the positive sample, since they represent

the same content at the corresponding spatial location. To
obtain the negative samples from F j , we leverage the re-
sized segmentation class label yj ∈ R(Hj×W j)×C to collect
the different class samples. The samples are passed through
the projection head, denoted as π, resulting in the projected
features F̃ and F̃a. We define our CWCL as:

LCWCL =

nd∑
j

LIN

(
F̃ j
a,(m,n), F̃

j
(m,n), F̃

j
(p,q)

)
(7)

where (p, q) ∈ {(p, q) ∈ P |yj(p,q) ̸= yj(m,n)}

The set P represents all pixel positions in feature F j , with
dimensions Hj×W j corresponding to the height and width.
Additionally, nd denotes the total number of blocks in the
decoder.

(a) Without ℒ

sidewalkroad building car

(b) With ℒ

Figure 4. t-SNE [49] visualization comparing scenarios with and
without LSCCL. In (b), the application of SCCL results in a clear
separation between the sidewalk (pink), the road (purple), and the
building (gray).

Semantic Disentanglement Contrastive Learning

Domain shifts can lead to the entanglement of similar
classes, causing the model to misclassify, as illustrated in
Fig. 4. To mitigate this issue, we introduce the SDCL,
specifically designed to disentangle the feature xa that has
been misclassified, making it closer to the correct class and
far from the misclassified class to achieve effective disen-
tanglement. To further ensure consistent feature space and
capture the semantic meaning, we share the projection head
π used in the CWCL loss. Given the predicted segmentation
map of the augmented image, represented as ŷa = φ(xa),
we resize it to ŷja,(m,n) ∈ R(Hj×W j)×C . Similarly, yj(m,n)
represents the ground truth segmentation map. Using these
segmentation maps, we set the anchor at positions where
ŷja,(m,n) ̸= yj(m,n). Negative samples are selected from
the augmented image features corresponding to the anchor’s
misclassified class. The samples go through the projection
head π. Our SDCL loss is defined as follows:

LSDCL =

nd∑
j

LIN

(
F̃ j
a,(m,n), F̃

j
(m,n), F̃

j
a,(r,s)

)
(8)

where (r, s) ∈ {(r, s) ∈ P |yj(r,s) = ŷj(m,n)}

Finally, combining the cross-entropy segmentation loss
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Backbone Methods External Trained on GTAV (G) Trained on Cityscapes (C)
Dataset Module C B M S B M S G

ResNet50 [13]

Baseline [3] - - 28.95 25.14 28.18 26.23 44.96 51.68 23.29 42.55
IBN-Net [38] - - 33.85 32.30 37.75 27.90 48.56 57.04 26.14 45.06
RobustNet [7] - - 37.31 35.20 40.33 28.30 50.73 58.64 26.20 45.00
SiamDoGe [53] - - 42.96 37.54 40.64 28.34 51.53 59.00 26.67 45.08
DIRL [55] - ✓ 41.04 39.15 41.60 - 51.80 - 26.50 46.52
WildNet [24] ✓ - 44.62 38.42 46.09 31.34 50.94 58.79 27.95 47.01
SANSAW [42] - ✓ 39.75 37.34 41.86 30.79 52.95 59.81 28.32 47.28
SPC [20] - ✓ 44.10 40.46 45.51 - - - - -
DPCL [56] - ✓ 44.74 40.59 46.33 30.81 50.97 58.59 25.85 46.00
Ours - - 45.72 41.32 47.08 31.39 51.84 60.18 28.51 47.97

ShuffleNetV2 [32]

Baseline [3] - - 25.56 22.17 28.60 23.33 36.84 43.13 21.56 36.95
IBN-Net [38] - - 27.10 31.82 34.89 25.56 41.89 46.35 22.99 40.91
RobustNet [7] - - 30.98 32.06 35.31 24.31 41.94 46.97 22.82 40.17
SiamDoGe [53] - - 34.40 34.23 35.87 21.95 42.61 47.48 23.13 40.93
DIRL [55] - ✓ 31.88 32.57 36.12 - 42.55 - 23.74 41.23
DPCL [56] - ✓ 36.66 34.35 39.92 22.66 43.90 48.95 22.47 41.07
Ours - - 38.56 34.51 40.11 25.64 44.22 49.69 23.54 41.10

Table 1. Quantitative comparison of mIoU (%) between DGSS methods. External dataset denotes the necessity of an auxiliary dataset
during training and External module denotes the requirement of an additional module during inference. G, C, B, M, and S denote GTAV,
Cityscapes, BDD100K, Mapillary, and SYNTHIA, respectively. The best and second-best results are bolded and underlined, respectively.

LCE with other loss components, the total is defined as:

Ltotal = LCE + ω1LCM + ω2LCC

+ ω3LCWCL + ω4LSDCL

(9)

where ω1, ω2, ω3, and ω4 denote the weighting factor of
each loss functions.

4. Experiment
In this section, we describe the implementation details,
the experimental setup for comparison with existing DGSS
methods, and the ablation study conducted to further vali-
date the effectiveness of our approach.

4.1. Implementation Details

We adopt DeepLabV3+ [3] for the segmentation archi-
tecture and use ResNet-50 [13], ShuffleNetV2 [32], and
MoblieNetV2 [47] as the backbone network of the segmen-
tation network. The model is trained for 40K iterations with
a batch size of 8 using the SGD optimizer, which has a mo-
mentum of 0.9 and a weight decay of 5e-4. We employ a
polynomial learning rate schedule with an initial rate of 1e-
2 and a power of 0.9. For the simulation of domain shift, we
augment the image xa using strong color jittering transfor-
mation similar to [7]. The weighting parameters of (9), ω1,
ω2, ω3 and ω4, are set as 0.2, 0.2, 0.3, and 0.3 respectively.

4.2. Datasets

We use two synthetic datasets (GTA [43] and SYN-
THIA [45]), and three real-world datasets (Cityscapes [8],

BDD-100K [58], and Mapillary [33]) for the experiment.
All segmentation labels are evaluated based on 19 object
categories.
GTAV (G) [43] is a large-scale dataset generated from
the Grand Theft Auto V (GTAV) game engine. It com-
prises 24,966 images, split into 12,403 for training, 6,382
for validation, and 6,181 for testing with a resolution of
1914×1052.
SYNTHIA (S) [45] is a virtual, photo-realistic urban
scene dataset comprising 9,400 images with a resolution of
960×720. Among these, 2,820 images are designated for
evaluation.
Cityscapes (C) [8] is a large-scale urban scene dataset cap-
tured from 50 cities, primarily in Germany. Particularly, it
contains 5,000 high-resolution images with a resolution of
2048×1024. The dataset is divided into 2,975 images for
training, 500 for validation, and 1,525 for testing.
BDD-100K (B) [58] is another real-world urban scene
dataset that contains more diverse 10000 urban driving
scene images with a resolution of 1280×720. Specifically,
the validation split (1,000 images) is used for evaluation.
Mapillary (M) [33] contains 25,000 images with a mini-
mum resolution of 1920×1080, collected from various lo-
cations worldwide. Specifically, the validation split of 2,000
images is used for evaluation.

4.3. Comparison with DGSS methods

We compare our methods with other state-of-the-art DGSS
methods: Baseline (DeepLabV3+ [3] trained on the source
domain), IBN-Net [38], RobustNet [7], SiamDoGe [53],
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Methods External
Module

Trained on GTAV (G)
C B M Mean

Baseline [3] 25.94 25.73 26.45 26.04
IBN-Net [38] 30.14 27.66 27.07 28.29
RobustNet [7] 30.86 30.05 30.67 30.52
SiamDoGe [53] 34.15 34.50 32.34 33.67
DIRL [55] ✓ 34.67 32.78 34.31 33.92
DPCL [56] ✓ 37.57 35.45 40.30 37.77
Ours 37.66 36.10 40.40 38.05

Table 2. Quantitative comparison of mIoU (%) using Mo-
bileNetV2 [47] backbone trained on the GTAV dataset.

DIRL [55], WildNet [24], SANSAW [42], SPC [20], and
DPCL [56]. To evaluate the generalization ability of the
model on arbitrary unseen domains, we conduct the ex-
periment on two scenarios: i) trained on GTAV, tested on
Cityscapes, BDD-100K, and Mapillary, and ii) trained on
Cityscapes, tested on BDD-100K, Mapillary, and SYN-
THIA. The quantitative results are computed with mean in-
tersection over union (mIoU). Additionally, we compared
the method trained on the backbone of ResNet-50 [13],
ShuffleNetV2 [32], and MoblieNet [47], pre-trained on Im-
ageNet [9].

Quantitative and Qualitative Results

Table 1 summarizes the quantitative results. Our method
outperforms all other methods when trained on GTAV, us-
ing ResNet-50 as the backbone. When compared with FN
methods that remove domain-specific styles, we demon-
strate that our approach minimizes the loss of content in-
formation. We also show that our method effectively shows
generalization ability when trained on Cityscapes. We fur-
ther evaluate our methods with different backbones, show-
ing the wide applicability of our method. When trained
with ShuffleNetV2, our method achieves the first or second-
best performance among unseen target domains. Table 2
shows the results of our method trained on GTAV with Mo-
bileNetV2, demonstrating the superiority of our method.

For qualitative evaluation, we compare the visual result
between DGSS methods and ours. As depicted in Fig. 5,
our method demonstrates superior results compared to other
approaches, particularly in its overall prediction accuracy.
Notably, our proposed techniques enable distinct prediction
of features such as on road and sidewalk, yielding clearer
segmentation boundaries. Please refer to the supplementary
material for more qualitative results.

Computational cost analysis

To confirm that our approach does not incur additional com-
putational overhead, we provide the number of parameters,
GFLOPS, and average inference time of each method. As

Methods
Externel
Module Params (M) GFLOPS Time (ms)

Baseline [13] 45.08 277.77 10.01
SANSAW [42] ✓ 25.63 421.86 68.96
SPC [20] ✓ 45.22 286.09 12.24
DIRL [55] ✓ 45.41 278.11 11.69
DPCL [56] ✓ 56.46 1188.64 823.78
Ours 45.08 277.78 10.03

Table 3. Computational cost comparison conducted using
DeepLabV3+ with a ResNet-50 backbone on an NVIDIA Tesla
V100 GPU with an image resolution of 2048 × 1024. Inference
time is averaged over 400 trials.

LCM LCC LCWCL LSDCL C B M
28.95 25.14 28.18

✓ 38.08 36.65 40.62
✓ ✓ 40.42 37.81 43.91

✓ 42.03 38.27 44.02
✓ ✓ 43.16 38.59 45.38

✓ ✓ ✓ 43.17 38.23 44.84
✓ ✓ ✓ ✓ 45.72 41.32 47.08

Table 4. Ablation study on proposed losses. The experiments were
conducted using DeepLabV3+ with ResNet-50 backbone, trained
on the GTAV dataset. The losses are detailed in LCM : (3), LCC :
(5), LCWCL: (7), LSDCL: (8)

detailed in Table 3, our method operates comparably to
baseline models by learning features intrinsically without
adopting a separate module.

4.4. Ablation Studies

In this subsection, we conducted a series of ablation studies
to demonstrate the individual contribution and effectiveness
of each component within our method. Specifically, we in-
vestigate the impact of the following components: LCM ,
LCC , LCWCL, LSDCL. For the study, we use a scenario
where the DeepLabV3+ model with backbone ResNet-50
model is trained on GTA and tested on Cityscapes, BDD-
100K, and Mapillary.

Table 4 presents the impact of various proposed losses on
domain generalization performance. Specifically, the base-
line model, trained solely with cross-entropy loss, exhibits
suboptimal performance on target domains because of over-
fitting to the source domain. Conversely, the integration of
any proposed loss mechanisms leads to a marked enhance-
ment in performance. More specifically, the incorporation
of the covariance alignment (LCM , LCC) shows its effi-
cacy in preserving essential content information by corre-
lating features of paired images. The differential impact
of the semantic consistency constrastive learning (LCWCL,
LSDCL) is also evident, as it significantly aids in disen-
tangling features of similar classes, thereby constructing a
more robust embedding space.
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Figure 5. Qualitative comparison between DGSS methods trained on GTAV (G) and tested on unseen target domains of Cityscapes (C)
using DeeplabV3+ with ResNet50 backbone.

Baseline – Augmented 𝑥

Baseline – Original 𝑥

Ours – Augmented 𝑥

Ours – Original 𝑥

Figure 6. t-SNE [49] visualization comparing the covariance with
and without LCML.

Covariance Matching Loss. Fig. 6 presents t-SNE plots
of covariances for original and augmented images, before
and after the application of CML. The baseline network
perceives original and augmented images differently from
a style perspective. However, after applying CML, the dis-
tribution becomes more intermixed, indicating that our pro-
posed CML effectively ensures similar recognition of dif-
ferent style images.
Calcuation of CCL. Table 5a demonstrates that our pro-
posed cross-covariance method, which converges the diago-
nal components to 1, yields superior performance. As men-
tioned before, removing non-diagonal components, which
contain content information actually degrades performance.
Sampling number in CWCL. Table 5b and Table 5c show
the impact of varying the number of classes sampled per
image and the number of samples per class in CWCL, re-
spectively. As shown in Table 5b, the performance im-
proves with an increase in the diversity of classes sampled
in CWCL. This suggests that contrasting a broader array of
classes enhances the model’s discriminative capability. Fur-
thermore, Table 5c demonstrates that a balanced number of
negative samples per class leads to optimal performance.
Projection Head for SDCL. The influence of different
project head configurations on the SDCL is investigated.
We experimented with three distinct approaches: individ-
ual projection head, copying the weights of CWCL’s (stop
gradient), and shared projection head of CWCL. As demon-
strated in Table 5d, sharing the projection head yielded the
most superior results. The results indicate that SDCL not
only relies on the semantic information from CWCL for ef-
fective disentanglement of similar classes but also enhances
the embedding space learned by CWCL.

Cross-covariance loss
Method C B M

Whitening 38.68 36.91 42.12
Diagonal 40.42 37.81 43.91

(a)

# of classes
# C B M

10 45.57 38.88 46.37
15 45.72 41.32 47.08

(b)

# of negative samples
# C B M
10 44.76 38.21 46.46
50 45.72 41.32 47.08

100 44.44 39.14 46.29
(c)

Projection Head of SDCL
MLP C B M

Individual 44.91 38.45 46.31
Shared (SG) 44.03 38.15 46.64

Shared 45.72 41.32 47.08
(d)

Table 5. Ablation studies. (a) Calculation of LCC . (b) Number of
classes for LCWCL. (c) Number of negative samples for LCWCL.
(d) Projection head of LSDCL. “SG” indicates stop gradient.

5. Conclusion
In this paper, we propose a novel BlindNet with covariance
alignment and semantic consistency contrastive learning.
By introducing covariance alignment, our method effec-
tively addresses style variations, ensuring the extraction of
features that are consistent across different styles. Further-
more, with the proposed semantic consistency contrastive
learning, we not only facilitate the extraction of discrimina-
tive features but also enhance the generalization capabilities
of the model in semantic segmentation predictions. Com-
prehensive experimental results validate the effectiveness of
our approach, demonstrating its ability to generalize across
multiple unseen target domains without requiring auxiliary
domains or additional modules. Our future work will be im-
proving and stabilizing the covariance alignment method.
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