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a b s t r a c t

Deep learning (DL) applied to breast tissue segmentation in magnetic resonance imaging (MRI) has
received increased attention in the last decade, however, the domain shift which arises from different
vendors, acquisition protocols, and biological heterogeneity, remains an important but challenging
obstacle on the path towards clinical implementation. In this paper, we propose a novel Multi-
level Semantic-guided Contrastive Domain Adaptation (MSCDA) framework to address this issue in
an unsupervised manner. Our approach incorporates self-training with contrastive learning to align
feature representations between domains. In particular, we extend the contrastive loss by incorporating
pixel-to-pixel, pixel-to-centroid, and centroid-to-centroid contrasts to better exploit the underlying
semantic information of the image at different levels. To resolve the data imbalance problem, we
utilize a category-wise cross-domain sampling strategy to sample anchors from target images and
build a hybrid memory bank to store samples from source images. We have validated MSCDA with
a challenging task of cross-domain breast MRI segmentation between datasets of healthy volunteers
and invasive breast cancer patients. Extensive experiments show that MSCDA effectively improves
the model’s feature alignment capabilities between domains, outperforming state-of-the-art methods.
Furthermore, the framework is shown to be label-efficient, achieving good performance with a smaller
source dataset. The code is publicly available at https://github.com/ShengKuangCN/MSCDA.

© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Breast cancer is the most commonly diagnosed cancer in
omen and contributes to 15% of mortality worldwide, ranking
s a leading cause of death in many countries (Francies, Hull,
hanyile, & Dlamini, 2020; Sung et al., 2021). The significantly
ncreasing mortality rates of breast cancer, especially in devel-
ping countries and low-income regions, lead to increased bur-
ens for patients, their families, and society, highlighting the need
or early detection and intervention (Azamjah, Soltan-Zadeh, &
ayeri, 2019). In the past decades, breast magnetic resonance
maging (MRI) has been recommended to supplement conven-
ional mammography and ultrasound techniques to screen women
t a high risk of breast cancer and determine the extent of breast
ancer after diagnosis (Lowry et al., 2022; Sardanelli et al., 2017;
aslow et al., 2007).
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A further step towards advanced MRI-based diagnosis is ac-
curate breast segmentation. In clinical routine, whole-breast seg-
mentation and analysis are conducted manually relying on the
expertise of clinicians, which is a challenging and time-consuming
process. With the advent of computer vision, atlas- and statistical-
based methods with high accuracy compared to manual seg-
mentation have been proposed (Wu, Weinstein, Conant, & Kon-
tos, 2013). Recently, numerous deep learning (DL) approaches
have been developed to further improve the performance of
breast segmentation. These tools extract salient features directly
from the images and automatically segment the breast bound-
ary (Dalmış et al., 2017; Hu et al., 2018; Ivanovska et al., 2019),
breast fibroglandular tissue (FGT) (Dalmış et al., 2017; Ivanovska
et al., 2019) and breast lesions (Gallego-Ortiz & Martel, 2017;
Negi, Raj, Nersisson, Zhuang, & Murugappan, 2020; Zhang, Saha,
Zhu, & Mazurowski, 2018), which are less prone to errors and
have achieved encouraging Dice similarity coefficients (DSCs) in

various datasets.
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Despite the high popularity of DL approaches, there are some
barriers on the path to clinical implementation. One main con-
cern is performance degradation due to large inhomogeneities
present in MRI datasets, leading to differing imaging feature
distributions between training (source domain) and testing (tar-
get domain) datasets, also known as the domain shift problem.
Inhomogeneities in MRI datasets primarily stem from two factors:
acquisition heterogeneity and biological heterogeneity. Acquisi-
tion heterogeneity refers to variations in acquisition protocols,
machine vendors, contrast-agent enhancement, and reconstruc-
tion algorithms, while biological heterogeneity encompasses dif-
ferences in breast sizes and densities, menstrual cycle effects,
and stage of disease progression. Additionally, factors such as pa-
tient positioning, motion artifacts, and imaging artifacts may con-
tribute to dataset inhomogeneities. These inconsistencies within
the images may lead to unstable performance of DL models, as
highlighted in recent studies (Granzier et al., 2022). Although
this problem could be addressed by acquiring large and varied
datasets of accurately annotated target images for training, this
exercise would be labor-consuming and expensive, and is further
hindered by legal and ethical considerations regarding the sharing
of patient data. Thus, recent published studies (Hoffman et al.,
2018; Hoffman, Wang, Yu, & Darrell, 2016; Hoyer, Dai, & Van
Gool, 2022) focus on developing unsupervised domain adaptation
(UDA) methods to mitigate the distribution discrepancy without
target labels.

Recent advances in UDA methods have enabled its applica-
tion to medical images by transferring the knowledge from the
source domain to the target domain (Chaitanya, Erdil, Karani, &
Konukoglu, 2020; Liu et al., 2022; Perone, Ballester, Barros, &
Cohen-Adad, 2019; Shanis, Gerber, Gao, & Enquobahrie, 2019).
For instance, adversarial learning (e.g. Cycle-GAN) adopts the
discriminator to align the distribution in the latent feature space
(Dou et al., 2018; Hoffman et al., 2018) or label space (Tsai et al.,
2018). Self-training (Perone et al., 2019; Tarvainen & Valpola,
2017) is another promising method which combines entropy
minimization (Vu, Jain, Bucher, Cord, & Pérez, 2019), pseudo-
label denoising (Zhang et al., 2021) or adversarial learning (Shanis
et al., 2019). More recently, incorporating self-training with com-
plementary contrastive learning shows remarkable performance
improvement by utilizing the ground truth and pseudo labels as
supervised semantic signals to guide the training (Chaitanya et al.,
2020; Liu et al., 2022; Zhang, Koltun, Torr, Ranftl, & Richter, 2022).

Contrastive learning in this case explicitly computes the inter-
category similarity between pixel representation pairs (Zhao,
Vemulapalli, et al., 2021; Zhong et al., 2021) (refers to pixel-to-
pixel (P2P) contrast) aiming to learn an invariant representation
in feature space. However, it still suffers from the following two
major concerns that are not taken into account: (i) P2P contrast
skips the structure context of adjacent pixels, so it does not
extensively exploit the semantic information present in the MRI
scan. To alleviate this problem, we propose a method to integrate
different levels of semantic information into a contrastive loss
function. More specifically, the mean value of the pixel repre-
sentations of a specific category, i.e., the centroid, should be
similar to the pixels contained in the region. Likewise, centroids,
regardless of whether they are from the same domain, should
also be close to centroids of the same category and far away
from centroids of other categories. We denote these two relations
as pixel-to-centroid (P2C) and centroid-to-centroid (C2C) respec-
tively. (ii) A common practice to perform inter-category contrast
is to generate positive and negative pairs by sampling partial pixel
representations in a mini-batch (Chaitanya et al., 2020). However,
the imbalanced proportion between background and regions of
interest (ROIs) in the breast MRIs poses a challenge to obtain

adequate pairs during training. To address this problem, we build
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a hybrid memory bank and optimize the sampling strategy to
ensure enough cross-domain positive and negative pairs espe-
cially for the highly imbalanced mini-batches. Additionally, we
also explore the impact of anchors and samples from different
domains on model performance.

In summary, we extend the contrastive UDA framework for
breast segmentation to further mitigate the domain shift prob-
lem. To the best of our knowledge, this is the first attempt to
apply contrastive UDA in breast MRI. We briefly provide the novel
contributions of our work as follows:

1. To solve the domain shift problem in breast MRI, we
develop a novel Multi-level Semantic-guided Contrastive
Domain Adaptation (MSCDA) framework for cross-domain
breast tissue segmentation.

2. To exploit the semantic information present in source la-
bels, we propose a method that combines pixel-to-pixel,
pixel-to-centroid and centroid-to-centroid contrasts into
the loss function.

3. To resolve the data imbalance problem, we develop a hy-
brid memory bank that saves both category-wise pixel
and centroid samples. We further investigate a category-
wise cross-domain sampling strategy to form adequate
contrastive pairs.

4. To validate the performance of the UDA framework, we
replicate our experiment under multiple source datasets
of different sizes. The results show robust performance
and label-efficient learning ability. We further show that
our framework achieves comparable performance to super-
vised learning.

2. Related works

2.1. Semantic segmentation

Semantic segmentation is an essential and hot topic in com-
puter vision, achieving automatic categorization of each pixel
(or voxel) into one or more categories. In recent years, convo-
lutional neural networks (CNNs) have shown significant results
in multiple fields. Fully convolutional network (FCN) (Long, Shel-
hamer, & Darrell, 2015), as one of the most remarkable early-
stage segmentation architectures, demonstrated the pixel-level
representation learning ability of CNNs. However, CNNs are still
far from maturity in terms of accuracy and efficiency. Therefore,
many mechanisms have been proposed to improve segmentation
performance. For instance, U-Net (Ronneberger, Fischer, & Brox,
2015) introduced skip connections in an encoder–decoder design
to solve the vanishing gradient problem; DeepLab v3+ (Chen,
Zhu, Papandreou, Schroff, & Adam, 2018) proposed Atrous Spatial
Pyramid Pooling (ASPP) to capture more context information in
multi-scale receptive fields. Meanwhile, inspired by the effective-
ness of residual blocks, ResNet (He, Zhang, Ren, & Sun, 2016) was
adopted as the backbone in many encoder–decoder segmentation
frameworks (Chen et al., 2018; He, Deng, & Qiao, 2019; Wu,
Zhang, Huang, Liang, & Yu, 2019; Zhang, Dana, et al., 2018) to
provide deep feature representations.

2.2. MRI-based semantic segmentation

DL techniques have also been widely adopted in various medi-
cal fields that pave the way towards more precise and automated
clinical diagnosis and prognosis, as seen in oncology (Kleppe et al.,
2021; Yesilkaya, Perc, & Isler, 2022), neuroimaging (Qiu et al.,
2022), and cardiology (Surucu, Isler, Perc, & Kara, 2021). In MRI-
based segmentation, many studies have shown that DL methods
can significantly improve the accuracy and efficiency of segment-

ing biological tissues (Bleker et al., 2022; Zhao et al., 2020). For
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nstance, several studies have proposed DL methods for brain MRI
egmentation (Despotović, Goossens, & Philips, 2015; Ito, Nakae,
ata, Okano, & Ishii, 2019), while others have developed methods
or liver (Ibtehaz & Rahman, 2020) and prostate (Hung et al.,
022) segmentation. In breast MRI, previous DL methods focus
n the segmentation of contours (Dalmış et al., 2017; Pianta-
osi, Sansone, & Sansone, 2018; Zhang et al., 2019, 2020) and
esions (Dalmış et al., 2017; El Adoui, Mahmoudi, Larhmam, &
enjelloun, 2019; Zhang, Saha, et al., 2018). Despite the promising
erformance, these methods require large datasets with expert
nnotations, which is expensive and time-consuming.

.3. Contrastive learning

Contrastive learning (CL) was introduced as a self-supervised
earning framework, allowing the model to learn representations
ithout labels (Chen, Fan, Girshick, & He, 2020; Chen, Korn-
lith, Norouzi, & Hinton, 2020; Grill et al., 2020; He, Fan, Wu,
ie, & Girshick, 2020; Oord, Li, & Vinyals, 2018). An essential
tep of early CL methods is to build a pretext task, such as
nstance discrimination (Chen, Kornblith, et al., 2020; He et al.,
020; Wu, Xiong, Yu, & Lin, 2018), to discriminate a positive
air (two augmented views of an identical image) from neg-
tive pairs (augmented view of other images). Based on this
ioneering approach, many subsequent advanced mechanisms
ave been proposed to improve the representation learning abil-
ty. For example, Moco v1 (He et al., 2020) and v2 (Chen, Fan,
t al., 2020) combined a momentum encoder with a first-in-
irst-out queue as a memory bank to maintain more negative
amples. This results in an improved classification performance
.g., ImageNet (Deng et al., 2009) and enables training the net-
ork on normal graphics processing units (GPUs). Afterwards, the
rojection head (Chen, Kornblith, et al., 2020) and the prediction
ead (Grill et al., 2020) were introduced respectively to improve
he classification accuracy on downstream tasks.

For semantic segmentation tasks, recent CL works leverage the
ixel-level labels as supervised signals (Chaitanya et al., 2020;
u, Zeng, Xu, & Shi, 2021; Wang et al., 2021; Zhao, Vemula-
alli, et al., 2021; Zhong et al., 2021). The underlying idea is
o group the pixel representations from the same category and
o separate pixel representations from different categories. Zhao,
emulapalli, et al. (2021) introduced a label-efficient two-stage
ethod that pre-trained the network by using P2P contrastive

oss and then fine-tuned the network using cross-entropy (CE)
oss (Bishop & Nasrabadi, 2006). PC2Seg (Zhong et al., 2021)
mproved this method in a one-stage semi-supervised learning
SSL) approach by jointly updating the network weights with
ixel contrastive loss and consistency loss. ContrastiveSeg (Wang
t al., 2021) combined pixel-to-region contrastive loss to explic-
tly leverage the context relation across images. It also proves that
toring the samples from recent batches can boost segmentation
asks, especially when the training batch size is limited by the
emory of device. Similar to Wang et al. (2021) and Zhong
t al. (2021), the authors in Chaitanya et al. (2020) validated
he effectiveness of sampling strategies on contrastive learning
or multiple medical MRI segmentation tasks. Furthermore, they
uggest that using a sampling strategy that involves cross-image
egative sampling can lead to additional performance improve-
ents. Although CL has shown great potential in segmentation

asks, it is important to note that its performance still remains
nknown in domain adaptation problems.

.4. Unsupervised domain adaptation

Unsupervised Domain Adaptation (UDA) is used to general-

ze learned knowledge from a labeled source domain to an
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unlabeled target domain. The key challenge of UDA is domain
shift, i.e., the inconsistent data distribution across domains, which
usually causes performance degradation of models. Early machine
learning methods utilized different feature transformations or
regularizations to overcome this problem (Kouw & Loog, 2018;
Mehrkanoon, 2019; Mehrkanoon & Suykens, 2017).

A number of existing DL methods solve the domain shift
problem using adversarial learning or self-training-based ap-
proaches. Adversarial learning utilizes generative adversarial net-
works (GANs) (Goodfellow et al., 2014) to align the distribution
of the feature space (Chen, Xie, et al., 2019; Dou et al., 2018;
Hoffman et al., 2016; Tzeng, Hoffman, Saenko, & Darrell, 2017) or
label space (Dou et al., 2018; Tsai et al., 2018; Vu et al., 2019).
In particular, CycleGAN (Kim, Cha, Kim, Lee, & Kim, 2017; Yi,
Zhang, Tan, & Gong, 2017; Zhu, Park, Isola, & Efros, 2017) has been
extensively explored and adopted in medical image UDA (Chen,
Dou, Chen, Qin, & Heng, 2019; Guan & Liu, 2021; Jiang et al.,
2018; Zhang, Miao, Mansi, & Liao, 2018) because of its ability to
translate the ‘style’ of the source domain to the target domain in
an unpaired way. While CycleGAN-based unsupervised domain
adaptation (UDA) methods have shown promising results, they
are known to require a large amount of data to learn effective
mappings between domains, and can be prone to mode collapse,
leading to limited output variations.

Self-training, frequently used in SSL, uses the predictions of
the target domain as pseudo-labels and retrains the model it-
eratively. A typical self-training network (Tarvainen & Valpola,
2017) generates pseudo-labels from a momentum teacher net-
work and distills knowledge to the student network by using
consistency loss. The authors in Perone et al. (2019) and Perone
and Cohen-Adad (2018) improved the self-training method by
aligning the geometrical transformation between the student and
teacher networks. DART (Shanis et al., 2019) and MT-UDA (Zhao,
Xu, Li, Zeng, & Guan, 2021) combined self-training with adversar-
ial learning in different ways, both receiving promising results.
For imbalanced datasets, different denoising methods and sam-
pling strategies have been proposed to improve the quality of
pseudo-labels (Hoyer et al., 2022; Xie et al., 2022; Zhang et al.,
2021).

Recent self-training approaches, such as those described in Xie
et al. (2022) and Zhang et al. (2022), have followed the paradigm
of Chaitanya et al. (2020) to align the features, achieved by
sampling or merging contrastive features across categories. This
demonstrates that the integration of CL can improve the align-
ment of features at the pixel level. Additionally, the use of a
memory bank to expand negative samples has shown to enhance
the performance in unsupervised domain adaptation tasks, while
enabling training on a normal device. Inspired by the above-
mentioned studies, we integrate three kinds of contrastive losses
and a category-wise cross-domain sampling strategy to accom-
plish the UDA segmentation task for breast MRI.

3. Method

3.1. Problem definition

Source domain data and target domain data are two sets of
data used in the domain adaptation problem. The source domain
data Xs = {xs}Mi=1 have pixel-level labels whereas the target
domain image data Xt = {xt}Ni=1 are unlabeled. We aim at devel-
oping a method that can learn from the labeled source domain
and be applied to the target domain. In particular, the learned
network is used to classify each pixel of the target domain image
into K categories. A direct approach is to train the network in a
supervised manner on the source domain and apply it directly

to the target domain. However, the performance of the network
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Fig. 1. The Multi-level Semantic-guided Contrastive Domain Adaptation (MSCDA) framework is an unsupervised domain adaptation method that addresses the domain
shift problem in breast MRI segmentation by aligning feature representations between labeled source and unlabeled target domains. The framework takes a source
image xs and a target image xt as inputs to the student and momentum teacher networks, respectively. Each network comprises a segmentation path and a contrast
path.
The student network is trained using a supervised segmentation loss, an inter-network consistency loss, and a multi-level contrastive loss, while the teacher network
updates the weights using exponential moving average (EMA). The training procedure is detailed in Sections 3.3 and 3.4.
often drops because of the aforementioned domain gap between
source and target domains. To address this concern, we propose
a new domain adaptation approach, named MSCDA, based on the
combination of self-training and contrastive learning.

3.2. Overall framework

The proposed domain adaptation framework is depicted in
Fig. 1. It consists of a student network and a momentum teacher
network. The student network consists of four main components,
a feature encoder fe, a feature decoder fd, a projection head fproj,
nd an additional prediction head fpred. These components are
orrespondingly mapped in the teacher network with the only
xception of the last component (i.e., the prediction head). The
hree components in the teacher network are called f ′e , f

′

d and f ′pred.
he important notations are listed in Table 1.
In the student network, the feature encoder fe maps the input

RI image x ∈ RH×W×1 into a high dimension feature map h ∈
RH ′×W ′×C . Next, h is transferred into a segmentation probability
map p ∈ RH×W×K and a low dimension feature embedding z ∈
RH ′×W ′×D through two forward passes, hereafter referred to as
segmentation and contrast paths, respectively. In the first forward
pass (segmentation path), the decoder fd generates the segmenta-
ion probability map p of the input h. In the second forward pass
contrast path), the projection head fproj and prediction head fpred
ointly reduce the feature map into a low-dimension projected
eature embedding z = fpred(fproj(h)). Similar steps are conducted
n the teacher network, yielding the momentum probability map
′ and feature embedding z ′. Finally, the probability map p and p′

are used for self-training while the projected feature embeddings
z and z ′ are used for semantic-guided contrastive learning to
diminish the discrepancy between the two domains. The overall
loss function is given by:

L = Lseg + λ1Lcon + λ2Lctr , (1)

where Lseg is the supervised segmentation loss, Lcon is the consis-
tency loss, Lctr is the contrastive loss, and λ1 and λ2 are the regu-
larization coefficients of the corresponding losses. The summation
of segmentation and consistency loss is henceforth referred to
as the self-training loss. We elaborate the self-training loss in
Section 3.3 and our proposed contrastive loss in Section 3.4.
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Table 1
Important notations in our proposed method.
Notations Description

xs , xt , ys , ŷs Source image, target image, source image
ground truth and corresponding one-hot
representation respectively;

ps , pt Student network probability map of the source
and target images respectively;

ps′, pt ′ Teacher network probability map of the source
and target images respectively;

zt Student network feature embedding of the
target image;

zs′ Teacher network feature embedding of the
source image;

ŷt , ŷt ′ One-hot pseudo-label of pt and pt ′ respectively
(y = argmax(p));

vk
s , vk

t Pixel feature embedding of category k of the
source and target images respectively;

cks , c
k
t Centroid feature embedding of category k of

the source and target images respectively;
Qpixel , Qcentroid Pixel queue and centroid queue in the

memory bank.

3.3. Self-training

Following the self-training paradigm (Perone et al., 2019), two
optimization goals were established. The first goal is to perform
supervised learning on the student network from source image
labels. The second goal is that the student network learns the
pseudo labels generated by the teacher network to distill knowl-
edge from target images. Only the weights in the segmentation
path of both networks are updated in this phase.

3.3.1. Supervised learning
In supervised learning, we employ a hybrid segmentation

loss (Isensee et al., 2018) that combines Dice loss (Sudre, Li,
Vercauteren, Ourselin, & Jorge Cardoso, 2017) and CE loss, and
is formulated as:

Lseg =
1
2

[
LDice(ps, ŷs)+ Lce(ps, ŷs)

]
, (2)

where ŷs is the one-hot ground truth and ps is the probability map
of the source domain image in the student network.
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Fig. 2. The data flow of our proposed multi-level contrastive loss. (a) Feature categorization: images are fed through the networks and the feature embeddings
re categorized based on labels. (b) Anchor sampling and computing: A set of pixel samples is randomly selected and centroids are computed for each category.
c) Memory bank: Pixel and centroid samples are stored in category-wise first-in-first-out queues (d) Cross-domain contrasts: Pixel-to-pixel (P2P), pixel-to-centroid
P2C) and centroid-to-centroid (C2C) contrasts are computed and weighted-summed as our proposed multi-level cross-domain contrastive loss. The contrastive loss
ims to bring together samples of the same category, treating them as positive pairs, while separating those from different categories, treated as negative pairs.
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.3.2. Distilling knowledge from pseudo labels
The pseudo label of the target image is generated by the seg-

entation path in the momentum teacher network iteratively:

ˆ
′

t = argmax(p′t ), (3)

where p′t is the probability map of the target domain image
in the teacher network. In order to distill knowledge from the
pseudo label, an extra consistency loss is added between the
two networks. In other words, the target image segmentation pt
generated by the student network is guided by the pseudo label
ŷ′t . The consistency loss is formulated as:

Lcon =
1

H ×W × K

H×W∑
i=1

K−1∑
k=0

p(i,k)t − ŷ′(i,k)t

2
, (4)

where i is the pixel index of the image and k is the category. Here,
we update the weights of the student network by means of back
propagation. However, in the teacher network, a stop-gradient
operation is applied, and the network weights are updated by
exponential moving average (EMA):

Θ ′ ← αΘ ′ + (1− α)Θ, (5)

where Θ and Θ ′ are the weights of the student network and
teacher network respectively, and α ∈ (0, 1) is the momentum
coefficient.

Combining data augmentation with self-training has been
shown to improve the domain adaptation performance (Chen,
Kornblith, et al., 2020; Tarvainen & Valpola, 2017). The student
network receives strongly-augmented images, and the teacher
network receives weekly-augmented images during the training
process. Random resized cropping is used as the weak augmen-
tation method, and random brightness, contrast and Gaussian
blur are used as strong augmentation methods. The strongly-
augmented path learns a robust feature representation from the
weakly-augmented path that has less disruption.

3.4. Semantic-guided contrastive loss

In order to improve the performance of our UDA framework
even further, we incorporate a multi-level semantic-guided con-
trast to the self-training framework. The idea is to leverage the
ground truth of the source domain as supervised signals to en-
force the encoder to learn a well-aligned feature representation
that mitigates the domain discrepancy. A common way is to cat-
egorize the feature embedding and conduct contrastive learning
123
using the pixels or centroids between domains. In our approach,
we develop the contrastive loss at P2P, P2C and C2C levels to
directly utilize multi-level semantic information to guide the
feature alignment. The data flow of our proposed contrastive loss
is depicted in Fig. 2.

3.4.1. Preliminaries
In unsupervised contrastive segmentation approaches, the

contrast is performed using a randomly selected sample (called
the anchor) v, a positive sample v+ and n negative samples V− =
{v−1 , v−2 , . . . , v−n }. The aim is to learn a feature representation that
yields high similarity in positive pairs (v, v+) and low similarity
in negative pairs (v, v−). Following Chen, Fan, et al. (2020), He
et al. (2020) and Zhong et al. (2021), we utilize the InfoNCE as
our loss function, which is given as follows:

Lctr = − log
exp(v · v+/τ )

exp(v · v+/τ )+
∑n

i=1 exp(v · v
−

i /τ )
, (6)

here n is the number of negative samples per anchor, ‘·’ is
he dot product between two samples, and τ is a tempera-
ure hyperparameter that controls the gradient penalty of hard
egative samples, which is empirically set to 0.07 (He et al.,
020). Here, samples are selected from D-dimensional feature
mbedding followed by l2-normalization.

.4.2. Feature categorization
Feature categorization is a necessary step required for super-

ised contrastive learning in the feature space. To utilize the
emantic information effectively, we categorize the feature em-
edding from both domains. For the source image, the feature
mbedding in the teacher network and its ground truth are
equired. Given the l2-normalized target network feature embed-
ing of a source image z ′s ∈ RH ′×W ′×D and the one-hot ground

truth ŷs ∈ RH×W×K , we first down-sample the one-hot ground
truth into ȳs ∈ RH ′×W ′×K to fit the embedding size, then assign
the category label index k ∈ {0, K − 1} of ȳs to each pixel of z ′s
(Fig. 2(a)). Similarly, the target image embedding zt can also be
categorized using the pseudo label ŷt . Based on the categorized
feature embedding, we further compute the category-wise mean
value of pixels of the feature embedding as the centroid C =
{ck}K−1k=0 , which is given as follows:

ck =
1⏐⏐Yk

⏐⏐ H ′×W ′∑
1

[
ȳ(i,k) = k

]
· z i, (7)
i=1
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here 1 [·] is an indicator function that returns 1 when the
ondition holds and 0 otherwise, z i is the ith pixel of the feature
mbedding and ȳ(i,k) is the down-sampled label which belongs to
he ith pixel and category k, Yk is the set of labels of category k.

.4.3. Memory bank & sampling strategy
The adequacy of negative samples plays a critical role in learn-

ng feature representations (He et al., 2020). However, the imbal-
nced ratio between foreground and background pixels in breast
RI segmentation tasks may result in an insufficient number of
egative pairs in each batch. To tackle this issue, increasing the
atch size or employing a memory bank to save samples from
ecent batches are ideal solutions. Nevertheless, GPU memory
imitations make using a large batch size, such as 1024, im-
ractical for typical devices. Therefore, we adopted the design
resented in Wang et al. (2021) and Xie et al. (2022). Specifi-
ally, we utilized two category-wise first-in-first-out queues as
memory bank in the teacher network to preserve the pixel

nd centroid samples extracted from the source images. By using
ategory-wise queues, one for foreground samples and another
or background samples, we can save enough negative samples
or the contrastive loss, while also ensuring a balanced distribu-
ion of samples in each queue. Therefore, we employ a strategy
f uniform sampling of a fixed number of pixels from each cat-
gory in the feature embedding to the pixel queue (Fig. 2(b,c)).
his under-sampling approach enables the queue to maintain a
ufficient number of balanced pixel samples, while avoiding re-
undancy. The pixel queue Qpixel and the centroid queue Qcentroid
an be represented as:

pixel = {Q k
pixel}

K−1
k=0 , Q k

pixel = {v
k
(s,i)}

Bp
i=1, (8)

centroid = {Q k
centroid}

K−1
k=0 , Q k

centroid = {c
k
(s,i)}

Bc
i=1, (9)

where Q k
pixel is the pixel queue of category k, vk

(s,i) is the ith
source pixel sample of category k, Q k

centroid is the centroid queue
of category k, ck(s,i) is the ith source centroid sample of category k,
nd Bp and Bc are the size of the queue respectively.

.4.4. Pixel-to-pixel contrast
We perform the pixel-to-pixel (P2P) contrastive loss to align

he cross-domain feature representation of the same category.
o resolve this problem, we first sample m anchors from each
ategory of the target feature embedding zt in the student net-
ork, denoted as set V k

t . Then, for each anchor vk
t ∈ V k

t with
ategory label k, we sample a source pixel of the same category
rom the pixel queue Qpixel to form a positive pair (vk

t , v
k+
s ), and

ample n source pixels of category q ∈ K \ {k} to form n negative
airs (vk

t , v
q−
s ). Based on these positive and negative pairs, the

nfoNCE loss of a single target anchor is computed by using
q. (6). Overall, the P2P loss is defined as:

P2P
ctr =

1∑K−1
k=0

⏐⏐V k
t

⏐⏐
K−1∑
k=0

∑
vkt ∈V

k
t

Lctr (vk
t , v

k+
s , V q−

s ), (10)

here |·| is the number of elements in a set, and V q−
s is the set

f negative source pixels. Note that the number of pixels labeled
s foreground categories might be less than m (or even 0) if the
odel predicts a few (or no) breast tissue labels in a mini-batch.
evertheless, benefiting from the category-wise memory bank,
he contrast loss can still be computed even if all pixels in a
ini-batch belong to the same category.

.4.5. Pixel-to-centroid contrast
Due to the under-sampling strategy in selecting anchors and

pdating the memory bank, the network may suffer from inad-
124
equate semantic knowledge and thereby be difficult to converge.
This issue is further addressed by incorporating P2C and C2C
contrasts to P2P contrast.

For P2C contrast, we force the pixel representation to learn
a more general representation with the guidance of the cen-
troid (Wang et al., 2021; Xie et al., 2022). Specifically, a pixel and a
centroid from the same category are considered as a positive pair
(vk, ck+), while a pixel and a centroid from different categories
re considered as a negative pair (vk, cq−). We reuse the anchors

in Section 3.4.4 and sample all positive and negative centroids
from the centroid queue Qcentroid. Similar to P2P loss, the P2C loss
is defined as:

LP2C
ctr =

1∑K−1
k=0

⏐⏐V k
t

⏐⏐
K−1∑
k=0

∑
vkt ∈Vt

Lctr (vk
t , c

k+
s , Cq−

s ), (11)

where Cq−
s is the set of negative source centroids.

3.4.6. Centroid-to-centroid contrast
For C2C contrast, the ideal situation is that the centroids from

the same category are located near to one another, whereas
centroids from other categories are located far apart. Unlike P2C
contrast, the total number of centroids p (BK ≤ p ≤ 2BK ) is much
maller than the pixel number in a mini-batch. Besides, calculat-
ng centroids is computationally efficient. Therefore, the centroids
f the whole mini-batch can be fully involved as anchors in
2C contrast. Similar to P2P and P2C contrast, the positive pairs
ck, ck+) and negative pairs (ck, cq−) are defined according to
hether centroids are from the same category. Thus, the C2C loss

s defined as:

C2C
ctr =

1∑K−1
k=0

⏐⏐Ck
t

⏐⏐
K−1∑
k=0

∑
ckt ∈Ct

Lctr (ckt , c
k+
s , Cq−

s ), (12)

where Ct is the set of target centroid anchors.
Finally, we take the weighted sum of the three above-ment-

ioned contrasts (Fig. 2(d)) as our proposed multi-level semantic-
guided contrastive loss:

Lctr = λP2PLP2P
ctr + λP2CLP2C

ctr + λC2CLC2C
ctr , (13)

where λP2P , λP2C and λC2C are the regularization coefficients of
the corresponding contrasts. The overall training process of our
proposed MSCDA is presented in Algorithm 1.

4. Experiments

4.1. Datasets

Dataset 1. Dataset 1 consists of test-retest breast T1-weighted
(T1 W) and T2-weighted (T2 W) MRI images and corresponding
right-breast masks of eleven healthy female volunteers, which is
described in Granzier et al. (2022). The images of each subject
were collected in two separate sessions (interval<7 days), during
which three 3D scans were collected. Subjects were asked to lay
in the prone position and remain still in the MRI scanner while
both modalities are sequentially acquired. All images were ac-
quired with an identical 1.5T MRI scanner (Philips Ingenia, Philips
Healthcare, Best, the Netherlands) using a fixed clinical breast
protocol without contrast. The detailed acquisition parameters
are listed in Table 2. In pre-processing, we first resize all MRI
slices and corresponding masks to 256 × 256 pixels using cu-
bic interpolation and nearest-neighbor interpolation respectively,
and then normalize images with z-score transformation. In total,
dataset 1 contains 14520 (11 subjects × 2 sessions × 3 scans ×
220 slices) T1 W slices and 11220 (11 subjects × 2 sessions × 3
scans × 170 slices) T2 W slices.
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Table 2
Dataset description and acquisition parameters of Dataset 1 (healthy volunteers) and Dataset 2 (patients with invasive breast cancer). Note the differences in
acquisition parameters, imaging sequences and clinical conditions, highlighting the domain gap between the two datasets.

Subject Type Scanner Sequence Acquisition parameters

number TR (ms) TE (ms) PS (mm) ST (mm)

Dataset 1 11 Healthy
volunteers

Philips 1.5T
(Ingenia)

T1 W 5.3 3 0.36 × 0.36 2
T2 W 2000 223 0.79 × 0.79 2

Dataset 2 134 Patients with
invasive breast
cancer

Philips 1.5T
(Ingenia/Intera)

DCE-T1 W 6.5–7.6 2.9–3.5 0.85 × 0.85-
0.97 × 0.97

1

T2 W 2000 170–259 0.65 × 0.65-
0.97 × 0.97

1

Abbreviations: TR = Repetition time; TE = Echo time; PS = Pixel spacing; ST = Slice thickness; T1W = T1-weighted; T2W = T2-weighted; DCE = Dynamic
ontrast-enhanced; T = Tesla.
P

w
a
t

Algorithm 1: MSCDA for Breast MRI
Input: Source domain image xs and label ys; Target

domain image xt ;
1 Initialize the weights of the student network Θe, Θd with

pre-trained weights, Θproj and Θpred via (He, Zhang, Ren,
& Sun, 2015). Initialize the teacher network by copying
weights from the student network and applying
stop-gradient; Initialize the memory bank Qpixel and
Qcentroid ;

2 for epoch = 1, Emax do
3 foreach mini-batch do
4 Apply weak and strong data augmentation;
5 Forward propagate weak-augmented batch in the

student network to get ps, pt and zt ;
6 Forward propagate strong-augmented batch in the

teacher network to get p′t and z ′s;
7 Compute loss Lseg using ps and ys via Eq. (2);
8 Compute loss Lcon using pt and p′t via Eq. (4);
9 Categorize the feature embedding z ′s and zt ;

10 foreach category do
11 Sample pixel anchors and compute centroid

anchors from zt ;
12 Sample corresponding positive and negative

pairs from Qpixel and Qcentroid;
13 Update Qpixel and Qcentroid using z ′s;
14 end
15 Compute loss LP2P

ctr , LP2C
ctr and LC2C

ctr via Eq. (10)–(12)
respectively;

16 Update the student network via Eq. (4);
17 Update the teacher network by Eq. (5);
18 end
19 end

Output: Weights of the student network Θe and Θd.

Dataset 2. Dataset 2 consists of the images from 134 subjects
with histologically confirmed invasive breast cancer imaged be-
tween 2011 and 2017 in Maastricht University Medical Center+
and collected retrospectively (Granzier et al., 2021, 2020). The im-
ages contain breast dynamic contrast-enhanced T1 W (DCE-T1 W)
and T2 W MRIs and corresponding right-breast masks. Similar to
Dataset 1, each subject underwent the examinations with 1.5T
MRI scanners (Philips Intera and Philips Ingenia (idem)) in a prone
position. In particular, DCE-T1 W images were acquired before
and after the intravenous injection of gadolinium-based contrast
Gadobutrol (Gadovist, Bayer Healthcare, Berlin, Germany (EU))
with a volume of 15 cc and a flow rate of 2 ml/s. The acquisition
parameters are also listed in Table 2. We conduct the same image
pre-processing as in Dataset 1. In total, Dataset 2 contains 21793
T2 W and 28540 T1 W slices and they are split into three folds
 c
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with 45, 45 and 44 subjects for the cross-validation depicted in
Section 4.2.

4.2. Experiment setup

As shown in Table 2, the subject population, machine vendor
and acquisition parameters between the two datasets are hetero-
geneous, indicating the common domain shift problem in clinical
practice. In particular, T1 W and T2 W are two different types
of MRI sequences, with T1 W images typically used for observing
anatomical structures, while T2 W images provide information on
tissue composition. In breast MRI, T1 W images help identify the
location and size of lesions, while T2 W images can detect edema
or inflammation (Mann, Cho, & Moy, 2019).

We set up the experiment on both Dataset 1 and 2 to transfer
the knowledge of breast segmentation from healthy women to
patients. Specifically, the experiment consists of two scenarios:
(1) T2W-to-T1 W: utilizing the T2 W images of Dataset 1 as the
source domain and the T1 W images of Dataset 2 as the target
domain; (2) T1W-to-T2 W: utilizing the DCE-T1 W images of
Dataset 1 as the source domain and the T2 W images of Dataset
2 as the target domain. In each scenario, we establish three tasks
with a different number of subjects in the source domain to
validate the label-efficient learning ability of our framework. The
three tasks contain four, eight and eleven (i.e., the whole dataset)
randomly selected subjects respectively, and are denoted as S4,
S8 and S11. To further verify the robustness of UDA performance,
we split the target domain into three folds to perform a three-fold
cross-validation. In each run of the cross-validation, two folds are
used as the target domain for training and the remaining fold for
testing.

4.3. Model evaluation

The DSC is used as the main evaluation metric. Additionally,
we use the Jaccard Similarity Coefficient (JSC) as well as precision
(PRC) and sensitivity (SEN) as auxiliary evaluation metrics. These
metrics are formulated as follows:

DSC =
2× TP

2× TP + FP + FN
× 100%, (14)

JSC =
TP

TP + FP + FN
× 100%, (15)

RC =
TP

TP + FP
× 100%, (16)

SEN =
TP

TP + FN
× 100%, (17)

here TP, FP and FN are the number of true positive, false positive
nd false negative pixels of the prediction respectively. Note
hat we show the mean value of each metric of the three-fold
ross-validation.
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Table 3
Evaluation results of the proposed MSCDA framework compared with source-only, supervised training, and two other UDA methods (i.e. CyCADA and SEDA). The
table shows the dice similarity coefficient (DSC), Jaccard similarity coefficient (JSC), precision (PRC), and sensitivity (SEN) of the methods. The best performance in
each metric is shown in bold. The results demonstrate that MSCDA outperforms the other methods in most of the evaluated metrics, highlighting its effectiveness in
addressing the domain shift problem for breast MRI segmentation. Additionally, MSCDA shows high label-efficient learning ability, with a DSC that remains relatively
stable across different tasks.
Method Backbone Task Scenario 1: T2 W to T1W Scenario 2: T1 W to T2W

DSC (%) JSC (%) PRC (%) SEN (%) DSC (%) JSC (%) PRC (%) SEN (%)

Src-Only

U-Net
S11 65.8 56.7 70.7 79.8 74.3 63.7 88.9 69.3
S8 64.0 53.9 82.7 67.8 74.2 65.1 87.1 71.9
S4 21.0 16.0 96.5 17.4 60.7 45.2 96.3 46.0

DeepLab v3+
S11 71.9 58.4 83.1 69.2 70.0 58.0 90.5 63.7
S8 69.1 56.1 90.9 61.8 74.3 65.4 88.5 73.4
S4 54.9 41.3 94.1 44.3 70.3 57.2 95.7 60.0

Supervised U-Net – 94.8 91.7 94.4 94.8 95.7 92.7 96.9 95.5

DeepLab v3+ – 95.8 92.8 98.0 94.7 96.0 93.0 96.2 96.5

CyCADA

U-Net
S11 78.7 68.8 86.9 79.4 79.7 69.3 90.5 75.6
S8 77.0 66.4 83.5 79.8 78.5 66.8 91.5 72.1
S4 54.5 42.6 94.7 45.1 63.0 49.7 97.8 50.7

DeepLab v3+
S11 80.0 68.0 78.6 86.0 73.8 61.3 85.8 70.6
S8 77.2 64.5 81.1 79.2 70.3 59.0 92.1 64.5
S4 64.0 50.4 92.4 54.1 67.6 53.8 92.8 57.4

SEDA

U-Net
S11 79.0 67.1 81.4 82.6 81.2 70.4 96.2 72.7
S8 79.4 70.0 83.3 84.3 80.2 70.3 92.0 75.0
S4 69.0 56.1 93.4 60.0 73.5 60.8 98.9 61.3

DeepLab v3+
S11 81.7 70.6 88.6 79.2 82.5 73.7 94.0 78.5
S8 80.3 68.4 88.0 77.9 82.4 71.4 83.9 83.2
S4 71.4 57.9 95.4 60.1 75.5 62.5 98.5 63.5

MSCDA DeepLab v3+
S11 88.6 79.9 86.5 92.3 83.1 71.8 88.7 79.5
S8 89.2 81.0 89.3 89.9 84.0 73.2 91.7 78.8
S4 87.2 78.0 92.4 83.6 83.4 72.5 98.0 73.8
4.4. Implementation details

4.4.1. Architecture
Encoder & decoder. We conduct our experiment by adopting
eepLab-v3+ (Chen et al., 2018) with ResNet-50 (He et al., 2016)
s backbone. Benefiting from the encoder–decoder architecture,
he encoder and decoder of DeepLab-v3+ are adopted in our
ramework. Specifically, the hidden dimension of ResNet-50 is set
o (16, 32, 64, 128), yielding a 512-dimension feature map.

Projection/prediction head. The projection head fproj is a shal-
low network that contains two 1 × 1 convolutional layers with
BatchNorm and ReLU. It projects the 512-d feature map into a
128-dimension l2-normalized feature embedding. The prediction
head fpred shares the same architecture setting with fproj with the
exception that the fpred does not change the dimension of the
features.

Memory bank. The size of the pixel queue and the centroid queue
of each category are set to 4096 and 1024, respectively. In each
mini-batch, we randomly sample eight pixels per category of
each feature embedding to the queue and discard the oldest
samples. The number of pixel anchors for P2P loss is set to 32, the
number of negative pairs of P2P contrast is set to 4096, which is
equivalent to the size of the pixel queue, the number of negative
pairs of P2C and C2C contrasts is set to 1024, which is equivalent
to the size of the centroid queue. The regularization coefficients
in Eqs. (1) and (13) are all set to 1 by default.

4.4.2. Training settings
To accelerate the training procedure, we pre-train the

DeepLab-v3+ on the source domain and then use the weights to
initialize the encoder fe and decoder fd of our UDA framework.
Additionally, the projection and prediction heads are initialized
by He et al. (2015). The Adam (Kingma & Ba, 2014) optimizer is
used for training the framework for E = 100 epochs with a
max
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fixed learning rate of 0.01, batch size 24. Note that only fe and
fd participate in inference, while fproj, fpred, f ′e , f

′

d , f
′

proj and Qp/c
are discarded after training. All networks are implemented based
on Python 3.8.8 and Pytorch 1.7.1 and are trained on an NVIDIA
GeForce GTX 2080Ti GPU.

5. Results

5.1. Quantitative comparison with other start-of-art approaches

The performance of our proposed MSCDA is depicted in Ta-
ble 3 and Fig. 3. We compared our proposed method with two
state-of-art UDA approaches: CyCADA (Hoffman et al., 2018) us-
ing adversarial learning methods and SEDA (Perone et al., 2019)
using self-training methods which are frequently used for med-
ical images. Additionally, the two selected methods were both
trained with two different domain labels, i.e. source domain labels
(denoted as ‘‘Src-Only’’) and target domain labels (denoted as
‘‘Supervised’’). In summary, we compare MSCDA to four methods
and each has two different types of backbones (U-Net (Ron-
neberger et al., 2015) or DeepLab v3+ (Chen et al., 2018)), yielding
eight combinations. Note that plain U-Net is not applicable for our
method because the very small (e.g., 8 × 8) resolution in latent
space leads to the inaccurate classification of embeddings.

The influence of domain shift on the performance of segmen-
tation models can be quantified by comparing the DSC between
the supervised and Src-Only methods. For instance, in T2W-to-
T1 W scenario Task S4 with DeepLab v3+ as the backbone, the
supervised method achieved a DSC of 95.8%, while the Src-Only
method only reached 54.9%, resulting in a performance degrada-
tion of 40.9%. Similarly, in Task S8, and S11, Src-Only experienced
a performance loss of 25.8% and 17.1%, respectively, compared to
the supervised method. On the other hand, Fig. 3 also shows the
performance degradation at a subject level. The medians of the
supervised method show a significant DSC increase compared to
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Fig. 3. The box plot comparison of the DSC between our proposed MSCDA and
ther methods. All methods are equipped with DeepLab v3+ as the backbone.
he plots show the distribution of model performance at a subject level. The
SC of each subject is the mean value of all slices containing foreground pixels.

rc-Only. Meanwhile, Src-Only demonstrates a larger interquar-
ile range (IQR) than the supervised method, indicating a wider
istribution of DSC across subjects.
After applying UDA methods, MSCDA outperforms the other

xamined methods under the same task. More specifically, the
SC reaches over 83% in task S4 in both T2W-to-T1 W and T1W-
o-T2 W scenarios (T2W-to-T1 W: 87.2%, T1W-to-T2 W: 83.4%),
hile the DSC of other methods are below 76% (e.g., CyCADA,
2W-to-T1 W: 64.0%, T1W-to-T2 W: 67.6%; SEDA, T2W-to-T1 W:
1.4%, T1W-to-T2 W: 75.5%). This result is supported by other
valuation metrics, such as JSC and SEN. As it can be seen in
he bottom of Table 3, in both scenarios, MSCDA achieved better
esults in all evaluated metrics except in PRC although it reaches
ver 92%. For the other two tasks (S8 and S11), the proposed
ethod in general outperforms other approaches. The box plot

see Fig. 3) also indicates that MSCDA method not only performs
etter but also has a smaller IQR than Src-Only and the other two
ethods.
From Table 3, one can observe that when comparing the

erformance between different tasks (i.e., S11, S8 and S4), MSCDA
hows high label-efficient learning ability. More precisely, the
SC of our methods in T2W-to-T1 W scenarios only drops 2.0%
rom 89.2% to 87.2% while CyCACA and SEDA drop 16.0% and
0.3% respectively; The DSC of our method in T1W-to-T2 W
127
Table 4
Ablation study of each proposed component on scenario 1 task S4 fold 1. A
check mark indicates that a specific component is applied. The DSC is utilized to
evaluate the performance and the extra points gained compared to the baseline
(case 1) are listed. The best-performed combination is highlighted in bold.
Case Self-

training
Aug. P2P P2C C2C DSC

(%)
Gain
(%)

1 ✓ 50.3
2 ✓ ✓ 71.6 +21.3
3 ✓ ✓ ✓ 80.2 +29.9
4 ✓ ✓ ✓ 76.0 +25.7
5 ✓ ✓ ✓ 67.3 +17.0
6 ✓ ✓ ✓ ✓ 79.1 +28.8
7 ✓ ✓ ✓ ✓ 81.6 +31.3
8 ✓ ✓ ✓ ✓ 81.5 +31.2
9 ✓ ✓ ✓ ✓ ✓ 82.2 +31.9

scenario remains relatively stable across three tasks with the
difference of 0.9% across tasks. Compared to our model, the per-
formance of other methods drops significantly as the number
of the source subjects decreases. Therefore, the obtained results
show that our method is less sensitive to the size of source
domain compared to other UDA methods. Notably, the perfor-
mance of our method is very close to that of supervised learning
(MSCDA: DSC = 89.2%, JSC = 81.0%, PRC = 89.3% SEN = 89.9%;
Supervised: DSC= 95.8%, JSC= 92.8%, PRC= 98.0%, SEN= 94.7%)
hen training with the eight source subjects (task S8) in T2W-
o-T1 W scenario, demonstrating the potential of contrastive
epresentation learning and self-training framework.

.2. Qualitative segmentation comparison with other start-of-art
pproaches

To help qualitatively better understand the performance of
odels, we plot the segmentation results and corresponding un-
ertainty maps in Fig. 4. The uncertainty map reflects the con-
idence level of the model to each pixel, which is generated by
est-time dropout (Loquercio, Segu, & Scaramuzza, 2020) with
onte Carlo simulation number equals to 20. In Fig. 4 T2W-to-
1 W scenario, the performance degradation of Src-Only is mainly
anifested in a large number of under-segmented regions, and

t has high uncertainty at the boundary of segmentation re-
ults and low uncertainty in under-segmented regions. Applying
EDA and CyCADA can alleviate the under-segmented regions,
here the uncertainty area is reduced in SEDA while it still
emains in CyCADA. MSCDA is able to generate segmentations
hat closely resemble the supervised model and which covered
ore under-segmented areas in SEDA and CyCADA. Meanwhile,

he uncertainty in MSCDA occurs mainly close to the pectoral
uscles, which is more difficult to segment that the breast-air
oundary. In the T1W-to-T2 W scenario, however, we observed
ome under-segmented regions near the breast-air boundary,
hich is likely attributable to the substantial difference between
he marginal fat and FGT tissue in T2 W images. This difference
robably makes it challenging to align the feature space of fat
ith the source T1 W images.

.3. Ablation study

.3.1. Effect of loss function & augmentation
In order to investigate the contribution of augmentation and

ifferent loss function, we conduct an ablation experiment by re-
oving/adding each component separately. We test the network
n scenario 1 task S4 fold 1 with combinations of self-training,
ata augmentation, P2P, P2C and C2C contrast. All the networks
re trained under the same experimental settings as Section 4.4.
s illustrated in Table 4, adding data augmentation (see case
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Fig. 4. Examples of segmentation results for Scenario 1/2 Task S4 using our proposed Multi-level Semantic-guided Contrastive Domain Adaptation (MSCDA) and
previous methods. The leftmost subplot in each scenario shows the ground truth (GT), followed by model predictions from the Src-Only, SEDA, CyCADA, MSCDA,
and supervised training, respectively. The segmentation results are visualized as red contours, and the corresponding uncertainty map is presented below each
subplot. Intensities in the uncertainty map signify the degree of uncertainty, with higher values indicating greater uncertainty. All methods utilize DeepLab v3+ as
the backbone.
2) to self-training can increase the DSC by 21.3% compared to
plain self-training (see case 1). Combining case 2 with P2P (see
case 3) or P2C (see case 4) contrast increase the DSC to 80.2%
and 76.0% respectively. However, when adding C2C contrast into
case 2 (see case 5), the network performance deteriorates to a
DSC of 67.3%, indicating centroid-level contrastive learning does
not benefit feature embeddings in our breast segmentation task.
Nonetheless, this shortcoming is canceled out by adding P2P or
P2C contrast, as shown in case 6 and 8. This indicates that C2C
contrast is not as effective as P2P or P2C contrast in our breast
segmentation task. When integrating all contrasts together (see
128
case 9), the DSC reaches highest score of 82.2%, an increment
of 31.9% compared to the simple case 1. Overall, by adding data
augmentation, P2P, P2C, and C2C contrasts, MSCDA can improve
the self-training framework to achieve better segmentation per-
formance. However, we also find that not all types of contrasts
are equally effective. Hence, we performed an ablation study on
the regularization coefficients of three contrasts in Section 5.3.2.

5.3.2. Effect of coefficients between contrasts
To investigate the effectiveness of different contrast coeffi-

cients, we conduct an ablation study by varying the regularization
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Fig. 5. Heatmaps illustrating the impact of different coefficient combinations of pixel-to-pixel (P2P), pixel-to-centroid (P2C), and centroid-to-centroid (C2C) contrasts
n the segmentation performance. The ablation study involved varying each of the coefficients from 0 to 1 and utilizing DSC for evaluation.
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Table 5
Ablation study of different combinations of coefficients of consistency loss and
contrastive loss. λ1 is the coefficient of the consistency loss and λ2 is the
oefficient of the contrastive loss. DSC is utilized to evaluate the performance.
he best-performed combinations (λ1 = 0.5/1, λ2 = 1) are highlighted in bold.
DSC λ2 = 0.2 0.5 1.0 2.0 5.0

λ1 = 0.2 79.2 80.9 81.6 80.1 80.5
λ1 = 0.5 75.8 79.3 82.2 80.4 77.5
λ1 = 1.0 75.8 77.9 82.2 77.4 78.1
λ1 = 2.0 74.8 80.1 81.2 77.7 78.6
λ1 = 5.0 78.8 79.0 79.4 75.6 77.4

coefficients of each contrast in Eq. (13) from 0 to 1. As shown
in Fig. 5, we observed that increasing λP2P can improve model
erformance. However, changes in λP2C and λC2C may have vary-
ng effects depending on the value of λP2P . Specifically, when
P2P and λP2C are both 0, changes in λC2C do not significantly
mprove performance, which suggests that the C2C contrast may
ot be effective without incorporating other two contrasts. We
lso observe that increasing λP2C and λC2C could improve model
erformance only when λP2P was set to a large value (i.e., 0.75 or
). This finding implies that P2C and C2C may be more effective
hen the P2P contrast is heavily weighted. We also observed
everal equally sub-optimal combinations when λP2P is set to
, which indicates that there may be multiple ways to achieve
ptimal performance. Therefore, coefficients are set to 1 as the
efault in our training settings. Our result is consistent with
he findings of Alonso, Sabater, Ferstl, Montesano, and Murillo
2021), which showed that increasing the weight of the P2P
ontrast from a low value can lead to improved performance in
similar semi-supervised setting. Moreover, our study provides
dditional insights into the sensitivity of the model’s performance
o different coefficient combinations of contrasts.

.3.3. Effect of coefficients between consistency loss and contrastive
oss

We also conduct the ablation study of the coefficients in Eq. (1)
o investigate the best combination of consistency loss (λ1) and
ontrastive loss (λ2). Table 5 shows that setting λ1 to 0.5 or
with λ2 set to 1 achieves the best performance, with a DSC
f 82.2%. It is worth noting that setting λ1 to a smaller value
e.g. λ1 = 0.2) can still result in relatively good performance, with
DSC of around 80%. However, setting λ1 and λ2 to larger values
an lead to a decrease in performance. Overall, the study shows
he importance of finding the appropriate balance between the
onsistency and contrastive losses in UDA tasks.

.3.4. Effect of contrast between domains
As mentioned in Section 3.4, we compute three types of con-

rasts between the student and teacher networks. In particular,
nly the target feature embeddings in the student network are
ampled as anchors, while only the source feature embeddings

n the teacher network are sampled to update the memory bank. m

129
Table 6
Ablation study of contrast between domains on scenario 1 task S4 fold 1. A
check mark indicates that a specific component is applied. The DSC is utilized
to evaluate the performance and the extra points gained compared to the lowest
value (case 1) are listed. The best performed combination is in bold.
Case Student network Teacher network DSC Gain

(anchor) (queue) (%) (%)

Source Target Source Target

1 ✓ ✓ ✓ ✓ 77.0 +0.5
2 ✓ ✓ ✓ 76.5
3 ✓ ✓ ✓ 77.5 +1.0
4 ✓ ✓ ✓ 78.1 +1.6
5 ✓ ✓ ✓ 82.0 +5.5
6 ✓ ✓ 78.7 +2.2
7 ✓ ✓ 82.2 +5.7

To further elaborate our selection, we conduct an additional,
complementary ablation study by selecting different domains for
computing contrast. Note that all other experimental settings
remained unchanged.

As shown in Table 6, we observe that the best candidate (see
case 7, DSC = 82.2%) is the combination of the target samples
in the student network and the source sample in the teacher
network. More specifically, we adopt source samples from the
teacher network to create the memory bank and to guide the
target samples from the student network. As expected, when
adding target samples to the memory bank (see case 5), the
performance shows a minor decrease of 0.2%, indicating that the
pseudo label brings uncertainty to the model. It is worth noticing
that we observe 5.7% of degradation when adopting additional
source samples as anchor (see case 2). It might be due to the
overfitting of the model on the source domain.

5.3.5. Effect of size of memory bank/negative samples
The size of the memory bank is a critical factor in our proposed

contrastive learning method since it determines the negative
pairs in P2P, P2C, and C2C contrasts. To investigate its effect, we
conducted an ablation study on scenario 1 task S4 fold 1, where
the size of the pixel queue Bp and centroid queue Bc were varied
rom 512 to 8192 and from 32 to 4096, respectively. As pre-
ented in Table 7, the model’s performance generally improved
ith an increase in the sizes of Bp and Bc . The best-performing

combinations were Bp = 4096 and Bc = 1024 or Bp = 2048
and Bc = 2048, achieving a DSC score of 82.2%. However, the
performance improvement reached a saturation point or declined
after a certain value. This could be due to the excessive number
of negative samples causing the model to suffer from collision-
coverage (Ash, Goel, Krishnamurthy, & Misra, 2021). To avoid
hurting the representation learning quality, Ash et al. (2021) and
Awasthi, Dikkala, and Kamath (2022) suggest that an appropriate
trade-off should be made in selecting the number of negative
pairs. We, therefore, chose Bp = 4096 and Bc = 1024 as the
efault settings for our training. In conclusion, a sufficiently large

emory bank is crucial for improving the model’s performance,
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Fig. 6. t-SNE visualization of the pixel representations on scenario 1 task S4. Each colored point indicates a categorized pixel representation in the high dimension
feature map. Note that we only partially visualize the testing images of the target domain due to the large dataset size. All methods are equipped with DeepLab
v3+ as the backbone.
Table 7
Ablation Study of the memory bank/negative samples on scenario 1 task S4 fold
1. The size of pixel queue Bp and centroid queue Bc are varied from 512 to
8192 and from 32 to 4096, respectively. The model performance is evaluated by
DSC. The best-performed combinations (Bp = 4096, Bc = 1024/Bp = 2048, Bc =

048) are highlighted in bold.
DSC (%) Bp = 512 1024 2048 4096 8192

Bc = 32 76.9 78.3 80.0 80.8 81.3
Bc = 128 78.1 78.5 80.6 80.4 81.3
Bc = 512 78.3 78.9 80.3 82.1 80.0
Bc = 1024 78.9 79.8 81.0 82.2 81.3
Bc = 2048 78.7 79.4 82.2 79.7 80.4
Bc = 4096 79.5 78.9 78.2 80.8 78.2

but increasing its size beyond a certain limit can lead to di-
minishing returns due to the collision-coverage trade-off in our
tasks.

5.4. Analysis of feature alignment

5.4.1. Visualization of feature alignment
To visualize the effect of our proposed method on domain

hift, we plot the learned features from the source and target
esting images with t-SNE (Van der Maaten & Hinton, 2008).
he learned features are obtained by using DeepLab v3+ (Chen
t al., 2018) as the backbone. At the pixel level (Fig. 6), when no
omain adaptation method is applied, the breast pixels of Src-
nly highly overlap with non-breast pixels (Fig. 6(a)), making
hem indistinguishable. Compared to Src-Only, the self-training
Fig. 6(b)) makes it possible to align part of the breast pixels
130
between domains but fails to separate them from non-breast pix-
els. Incorporating P2P contrast (Fig. 6(c)) highly aligns the breast
pixels; however, a number of breast pixels are contaminated by
non-breast pixels which may increase the error. In contrast to the
above-mentioned methods, our method nicely aligns the breast
pixels and separates them from non-breast pixels.

The visualization of the centroid level in Fig. 7 further illus-
trates the effect of our method on the feature space. Compared
to the pixel level, the uneven distribution caused by the im-
balanced dataset is alleviated at the centroid level, making the
visualization clearer. We can observe that the learned centroids of
different categories in all methods are linearly separable. Before
self-training, the centroids of the same category are completely
separable by domain, as can be observed in Fig. 7(a). When
self-training is applied (Fig. 7(b)), the non-breast centroids are
clustered together while the breast centroids are still not aligned.
The P2P contrast (Fig. 7(c)) improves the centroid alignment
between domains but is still not fully overlapped. In our method
(Fig. 7(d)), the centroids of the same category share a well-aligned
tight representation space. In summary, the t-SNE visualization
demonstrates the effect of domain shift in the feature space, an
effect that can be mitigated by applying our method.

5.4.2. Quantitative analysis of feature alignment
To further quantitatively analyze the feature alignment in

our proposed MSCDA, we employ the use of cluster centroid
distance variation (CCD) (Luo et al., 2021), which measures the
distance between the distributions of feature embeddings in the
source and target domains. We first obtain feature embeddings
of each domain in Section 5.4.1 separately and then calculate

the CCD between the centroids of each category. Moreover, we
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Fig. 7. t-SNE visualization of the centroid representations on scenario 1 task S4. Each colored point indicates a categorized centroid representation in the high
imension feature map. All testing images of the target domain are included in the visualization. All methods are equipped with DeepLab v3+ as the backbone.
Fig. 8. Quantitative analysis of feature alignment using cluster centroid distance
ariation (CCD) (Luo et al., 2021) on scenario 1 task S4. CCD represents the
istance between the distribution of feature embeddings in the source and the
arget domains. The results demonstrate that our proposed MSCDA achieves
etter alignment of the features compared to the other three methods, thereby
ielding better discriminative power in target domain.

ollow the normalization in Luo et al. (2021) so that the CCD
f the baseline method Src-Only is always 1. A smaller CCD
alue indicates better feature alignment, while a larger CCD value
ndicates poorer alignment. The results depicted in Fig. 8 show
hat MSCDA achieves better feature alignment in both categories
ompared to other methods. In the ‘NonBreast’ category, our
roposed MSCDA method exhibits a CCD of 0.599, indicating a
light improvement over the P2P contrast method (0.601). By
ontrast, in the foreground ‘Breast’ category, the CCD of MSCDA
131
(0.297) is significantly lower than the other methods (Src-Only
= 1, self-training = 0.728, P2P = 0.597), demonstrating a sig-
nificant enhancement in feature alignment. These results support
the hypothesis that multi-scale contrastive learning can better
exploit deeper semantic information in UDA, leading to higher
discrimination of the model towards target images.

6. Conclusion

In this paper, a novel multi-level semantic-guided contrastive
UDA framework for breast MRI segmentation, named MSCDA, is
introduced. We found that by combining self-training with multi-
level contrastive loss, the semantic information can be further
exploited to improve segmentation performance on the unlabeled
target domain. Furthermore, we built a hybrid memory bank
for sample storage and proposed a category-wise cross-domain
sampling strategy to balance the contrastive pairs. The proposed
model shows a robust and clinically relevant performance in a
cross-sequence label-sparse scenario of breast MRI segmentation.
The code of our MSCDA model is available at https://github.com/
ShengKuangCN/MSCDA.
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