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Contrastive Learning With Multiple Prototypes
for Unsupervised Domain Adaptive

Semantic Segmentation
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Qiang Ling , Senior Member, IEEE, Wei Xu , and Fang Gao , Member, IEEE

Abstract—Unsupervised domain adaptive semantic segmenta-
tion aims to transfer knowledge from the annotated source
domain to the unlabeled target domain. Recently, self-training
methods have gained substantial attention, which leverage high-
confidence predictions in the target domain as pseudo labels for
supervision. However, limited exploration of intra-class variations
across domains, including significant visual differences within each
category, has led to misalignment between feature distribution
across domains. In this article, we present a unified non-parametric
distance-based online clustering method to efficiently maintain
multiple centroid-based prototypes within each category subspace
instead of one prototype for each category subspace, which
enables prototypes to possess the capacity for richer feature
representation. Then, considering the variance across different
dimensions of a feature representation, we then extend the
prototypes from centroid-based ones to distribution-based ones.
Specifically, each subspace is modeled using a Gaussian mixture
model which includes several anisotropic Gaussian distributions,
aimed at prioritizing discriminative dimensions and obtaining a
finer measurement of the pixel-to-prototype similarity. Meanwhile,
a category-aware feature space is achieved through pixel-to-
prototype contrastive learning to ensure the compactness of
pixel features in the same subcategory and drive the separation
between pixel features of different subcategories. What’s more,
multi-resolution features are utilized to promote diversity and
robustness among intra-class prototypes. Experiments validate
the competitiveness of our two prototype-based methods against
existing state-of-the-art methods, with a mIoU of 76.8% on GTA→
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Cityscapes, 68.4% on Synthia → Cityscapes, 54.5% on Cityscapes
→ DarkZurich and 56.4% on Cityscapes → ACDC. Notably, our
method is able to seamlessly integrate with existing UDA methods.

Index Terms—Unsupervised domain adaptation, semantic
segmentation, prototype learning, contrastive learning.

I. INTRODUCTION

S EMANTIC segmentation holds a pivotal position in com-
puter vision, serving as a cornerstone for visual scene un-

derstanding. Its significance reverberates through a multitude
of real-world applications, prominently manifesting its value
in autonomous driving. With the advent of various Convolu-
tional Neural Network (CNN) architectures [1], [2], and Vision
Transformer-based models [3], remarkable advances in perfor-
mance have been made in this domain.

The training of semantic segmentation models relies on the
availability of adequate annotated images. Nonetheless, the
manual annotation at the pixel level is a labor-intensive process,
requiring up to 3 hours per image [4]. Consequently, creating a
fully labeled dataset is a tedious process. Thus, researchers have
turned to synthetic data [5], [6] to assist in training segmentation
models. Pixel-level annotations can be automatically extracted
from images generated by the video engine, greatly reducing the
need for human interaction and thus increasing the scalability of
annotated datasets. However, the distribution shift between syn-
thetic and real data, which typically includes variations in image
styles, weather, and lighting, makes the generalization of mod-
els from the synthetic domain to the real domain a challenging
task. To close the domain gap and improve model performance
on unlabeled target domains, Unsupervised Domain Adaptation
(UDA) methods have attracted significant interest.

Previous research in UDA has concentrated on distributional
alignment with adversarial training at the input [7], [8], feature
[9], [10], and output level [11], [12]. Currently, self-training
methods [13], [14], [15], [16] have received growing inter-
est due to their promising performance. These methods utilize
high-confidence target domain predictions as pseudo-labels, of-
fering supervision for target domain adaptation. The generaliza-
tion abilities of the model are closely linked to the accuracy of
the pseudo-labels. Insufficient supervision and regularization in
the target domain will lead to unreliable pseudo-labels, introduc-
ing additional noise during the training process and ultimately
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Fig. 1. Illustration of the main idea. (a) Single-centroid prototypes struggle to represent skewed distribution, resulting in the misclassification of outliers. (b)
Centroid-based prototypes capture intra-class patterns within each subspace. (c) Modeling multiple Gaussian-based prototypes effectively captures variance on
different dimensions for each category, leading to a more discriminative decision boundary.

leading to a degradation in overall performance. To tackle these
challenges, researchers have adopted strategies such as dynamic
confidence thresholds [17] and uncertainty estimation [18] for
filtering out unreliable pseudo-labels. Some methods [19], [20],
[21] compute the centroid of feature clusters as category proto-
types and rectify pseudo-labels based on the feature-to-prototype
distances.

From a prototype perspective, feature classification can be
understood as the assignment of features to their most simi-
lar prototypes [22], with each prototype associated with a spe-
cific category. This clustering process can be achieved in an
unsupervised fashion, which is particularly suitable for us to
tackle the UDA problem, where labeled data are not always
available. The definition of similarity between prototypes and
features can vary depending on the particular type of prototype
being used. As depicted in Fig. 1, samples with identical class
labels but originating from different domains often display a
scattered distribution within the feature space. This dispersion
arises from variations within the class, which can lead to bi-
ased centroids. Consequently, outliers situated near the decision
boundary present challenges for accurate classification. Hence, it
becomes evident that a single prototype may not adequately rep-
resent the diverse features within a category. To address the cat-
egory feature misalignment across domains, we advocate imple-
menting contrastive learning in a multi-prototype way. Specif-
ically, we first adopt nonparametric online clustering to mine
multiple centroid-based prototypes within the domain-mixed
feature space for each category, where features from both do-
mains are associated with the same set of category prototypes.
Online clustering provides scalability even when dealing with
large volumes of data.

Meanwhile, probabilistic distribution-based clustering meth-
ods, such as Gaussian mixture model(GMM) [23] shows
promising performance in the field of unsupervised learning.
This allows us to extend the centroid-based prototypes to
distribution-based prototypes, which enables a more com-
prehensive representation of feature distributions across do-
mains. The distribution-based prototypes can also be clustered
within a unified framework, ensuring methodological coher-
ence. As shown in Fig. 1(c), distribution-based prototypes in

the same category correspond to a distinct subspace, effec-
tively capturing intra-class distribution patterns at a finer granu-
larity. Subsequently, pixel-to-prototype contrastive learning is
conducted in both domains to accurately represent category
features and reduce confusion among the features of different
categories, selecting positive and negative pairs according to
the optimal prototype assignments. In this way, a regularized
category-discriminative feature space is learned by promoting
compactness among features from the same subcategory while
driving a clear separation between those from other subcate-
gories. Furthermore, to enhance supervision, we maintain the
consistency between the predictions of the linear classifier and
the prototype clustering.

To further enhance segmentation performance, we introduce
multi-scale training to improve the model’s ability to handle ob-
jects of varying scales. While the HR detail crop is effective
for segmenting small objects like poles or distant pedestrians, it
struggles to capture long-range dependencies, which is a draw-
back when segmenting larger areas, such as expansive sections
of sidewalk. Conversely, the LR context crop excels in this re-
gard. To address these limitations, we fuse the predictions from
both crops to enhance the effectiveness of prototypes.

In this article, we offer a more comprehensive perspective on
the use of prototypes in UDA. Specifically, this work introduces
novel contributions in the following areas:
� We present a multiple-prototype contrastive learning mod-

ule for UDA semantic segmentation, which aligns subcate-
gory features by leveraging pixel-to-prototype assignments
and leads to more reliable pseudo labels. Our plug-and-play
module is compatible with most modern self-training UDA
methods.

� To enhance pattern discrimination across diverse feature
spaces and improve the clustering robustness, we start with
centroid-based prototypes and then extend to distribution-
based Gaussian prototypes. Moreover, clustering for
both centroid-based and distribution-based prototypes can
be achieved through our unified non-parametric cross-
domain online clustering pipeline. The non-learnable pro-
totypes make the clustering of prototypes computationally
efficient.
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� Furthermore, we adopt a multi-resolution framework
for category prototype clustering, allowing the category
prototypes to acquire detailed information from high-
resolution inputs as well as contextual information from
low-resolution inputs, thereby enhancing the diversity and
robustness of the prototypes.

� Extensive experiments conducted on popular UDA bench-
marks show that our methods consistently attain superior
performance and compatibility. Specifically, we achieve
76.8% and 68.4% mIoU on GTA→ Cityscapes and Syn-
thia→ Cityscapes, respectively. Furthermore, we conduct
experiments on two real-world benchmarks, i.e. Cityscapes
→ACDC and Cityscapes→DarkZurich. Our method also
obtains the results of 56.4% and 54.5%, respectively, which
are favorable improvements on the baseline. A compre-
hensive ablation study confirms the effectiveness of each
proposed component.

II. RELATED WORK

A. Unsupervised Domain Adaptive Semantic Segmentation

Unsupervised domain adaptation (UDA) encourages a model
to transfer valuable semantics from the labeled source domain
to the unlabeled target domain, resulting in improved adapta-
tion performance. Generally, the majority of UDA segmentation
methods can be categorized into two groups: adversarial training
[7], [24], [25], [26] and self-training [14], [16], [26], [27].

Adversarial training method bridges the gap between dis-
tinct domain distributions through different adversarial strate-
gies. This is typically done by confusing domain discriminator
at feature level [2], [10] or output level [10], [25], [28]. Alterna-
tively, some methods use style transfer [8], [29], [30] to translate
source domain images to the target domain while preserving the
dense labels. However, the unstable nature of adversarial train-
ing results in suboptimal adaptation performance.

Self-training instead generates pseudo-labels from target do-
main predictions and integrates them into the training process.
Pseudo labels is created either before adaptation [13], [19] or in
real-time [14], [31]. Due to notable variations in data distribu-
tions between the two domains, pseudo labels unavoidably con-
tain noise. To prevent pseudo-label drift, strategies including cur-
riculum learning [32], [33], consistency regularization with aug-
mented data [34], [35], entropy minimization [36], and depth es-
timation [37] are adopted. Furthermore, some approaches [19],
[27], [38], [39] rectify pseudo-labels by utilizing the centroids
of features within each category. However, these centroid-based
methods fail to prioritize different feature dimensions.

In addition, most of the methods mentioned above overlook
the variations in features within each category and consider each
class as a uniform entity. This over-simplified assumption leads
to a less discriminative feature space.

B. Prototype Learning

Prototype learning enables the unsupervised categoriza-
tion of samples based on their similarities. Prominent meth-
ods include distance-based hard-clustering approaches such as

nearest neighbors [22], K-Means [40], and probabilistic-based
soft-clustering methods like GMM [41]. The prototype, whether
represented as a centroid or distribution, captures the shared rep-
resentative patterns of features within the same cluster. Thus,
prototype-based methods are naturally introduced to tackle the
unsupervised domain adaption problem because of its repre-
sentativeness. [42] formulates the unsupervised domain adap-
tion task as the alignment of source and target prototypes. [43]
presents Transferrable Prototypical Networks (TPN) to ensure
that the prototypes for each class in source and target domains
are close in the embedding space. Also, the score distributions
predicted by prototypes separately on source and target data
need to be similar. [44] proposes a bidirectional memorization
mechanism that learns to remember useful and representative
information to purify noisy pseudo labels on the fly for ro-
bust black-box unsupervised domain adaption. [45] proposes
the Prototype-Guided Feature Learning (PGFL) method to learn
domain-invariant features as well as reduce the negative effect
of mislabeled samples.

Prior research [1], [2], [3] has demonstrated the effectiveness
of deep neural networks in learning dense image representa-
tions. By utilizing the deep dense representation extraction by
deep neural models, prototype networks excel in a variety of
tasks, delivering impressive performance in few-shot [46] and
zero-shot [47] learning. Recent progress in semantic segmenta-
tion, including fully-supervised [48], semi-supervised [49], and
unsupervised [27], [50] has underscored the prospect of proto-
type networks in dense classification tasks.

However, many existing works either concentrate on intra-
domain clustering [51] or rely on a single prototype to character-
ize an entire category space [27], thereby overlooking intra-class
variance. In addition, most prototypes [19] are distance-based
and isotropic, treating distances uniformly in all directions.
When sample distributions are skewed, such prototypes are less
effective, as they fail to adapt to the imbalanced feature distri-
bution. In this article, we introduce an efficient online cluster-
ing method to maintain multiple prototypes for features in each
category, with both centroid-based and distribution-based pro-
totypes considered, thereby improving the characterization of
the category subspace.

C. Contrastive Learning

Contrastive learning [52], [53], [54] plays a crucial role in
self-supervised or unsupervised learning. It prioritizes the ac-
quisition of distinctive feature representations by bringing pos-
itive samples closer together in the feature space while pushing
negative samples farther apart.

In recent times, pixel-wise contrastive learning has emerged
as a promising technique for improving performance in seman-
tic segmentation tasks. For instance, ReCo [55] utilizes hard
negative pixels to facilitate contrastive learning. Meanwhile,
ProCA [17] define feature centroids as prototypes for comput-
ing the intra-domain contrast loss function. Multiple prototypes
have been shown to boost the robustness of class representa-
tions against intra-class variance in prior research [51]. Yet,
despite their effectiveness, most existing methods demand a
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Fig. 2. Framework Overview. The network is trained with a supervised segmentation loss LSce on the source domain (green) and an unsupervised adaptation loss
LTce on the mixed target domain (purple). Then, a multi-prototype contrastive learning module(MPCL, grey) is introduced. Both centroid-based and distribution-
based prototypes are considered. Non-parametric intra-class clustering is conducted online, where pixel-to-prototype similarity is utilized to determine prototype
assignments. The pixel-to-prototype contrastive loss LMContrast and consistency loss LProto

ce are introduced to refine the shared feature space.

considerable number of pixel-to-pixel comparisons during the
sampling stage. In contrast to prior works, our approach utilizes
pixel-to-prototype contrastive learning at a more granular level.
Through online clustering, each prototype can be considered a
representative of feature samples within the corresponding sub-
category space, and constructing positive-negative sample pairs
between pixels and samples reduces the burden of inter-pixel
sampling.

III. METHODOLOGY

A. Background

During UDA training, as shown in Fig. 2, the model has access
to labeled source domain S = {(xS

i , y
S
i )}N

S

i=1 and unlabeled tar-
get domain T = {xT

i }N
T

i=1. Both domains share the same set of
labels {yT } = {yS} = {1, 2, · · · , C}.

The goal is to train a model that maps pixels in target image
XT to its real label Y T , with the supervision obtained from both
the target and source domains. Given the availability of source
labels Y S , the model can be effectively trained with the fully
supervised categorical cross-entropy loss on the source domain:

LS
ce =

−1
H ×W

H×W∑
i=1

C∑
j

yS(i,j)log(hcls(fθ(x
S))(i,j)) (1)

where fθ is the feature extractor of student model and hcls is
a MLP classifier that generate category predictions PH×W×C

based on feature embeddingsFH×W×D. D represents the chan-
nel of the feature.

Relying solely on supervision from the source domain proves
inadequate for effective adaptation to the target domain. Fol-
lowing [16], self-training method with online-updating pseudo-
labels Ỹ T = {ỹTi }N

T

i is employed. To maintain the stability of

pseudo-label generation, pseudo-labels prediction are screened
by a dynamic confidence threshold.

During each iteration t, the non-learnable teacher model is
updated with the exponential moving average (EMA) of the stu-
dent model’s weights:

φt ← αφt−1 + (1− α)θt (2)

To bridge the domain gap in UDA, data mixing [14] is
commonly employed during training, where half of the cate-
gories’ pixels on the source image are masked, and the rest
of the pixels are pasted onto the target domain image based
on a random pixel mask M . The mixed-images is defined as
xM = (1−M)� xT +M � xS . A similar mixing strategy is
applied at the output level.

Therefore, the training objective for the target domain is given
as:

LT
ce =

−1
H ×W

H×W∑
i=1

C∑
j

yM(i,j)log(hcls(fθ(x
M ))(i,j)) (3)

The overall training objective of self-training is given as,

Lseg = LS
ce + LT

ce (4)

B. Prototype-Based Contrastive Learning

As seen in Fig. 3(a), without any regularization, features from
the same class but originating from distinct domains are likely
to be scattered in the shared feature space. This is mainly a result
of neglecting intra-class diversity. To deal with this challenge,
we introduce a multi-prototype contrastive learning (MPCL)
method that refines the feature distribution by utilizing unsu-
pervised clustering to explore distribution structure. In contrast
to previous approaches where a single prototype is utilized to
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Fig. 3. Illustration of different choice of prototypes (a) Centroid-based proto-
types treat features in each dimension equally and utilize the Euclidean distance
metric; (b) Gaussian-distribution based prototypes where feature variance in
each dimension is considered.

characterize each category feature space [19], [38], our perspec-
tive differs as we propose the adoption of multiple prototypes to
represent each category.

We employ online clustering within the feature space of each
category to obtain unbiased category prototypes. Essentially, this
process can be viewed as assigning pixels of the same class to
a distinct set of K prototypes created for that category through
clustering. This clustering approach enables the model to ex-
plore feature distributions across domains, facilitating the iden-
tification of unique intra-class patterns and learning a robust
representation.

Definition of Prototypes: Different types of prototypes cor-
respond to different clustering methods. Distance-based clus-
tering algorithms, such as k-means, are straightforward and use
the spatial distance between feature embeddings and cluster cen-
troids as the clustering criterion in an intuitive manner. Mean-
while, distribution-based clustering, represented by GMM, ap-
proaches the task with a probabilistic perspective. Feature points
are generated independently from separate distributions. Con-
sequently, each cluster’s data points can be represented by this
distribution.

As shown in Fig. 3, we establish different forms of prototypes
for feature clustering within a unified framework. First, we will
present the definitions of the two types of prototypes.

Centroid-Based Prototypes: For centroid-based clustering,
each prototype, in theory, is identical to the centroid of its respec-
tive cluster, representing the features within the corresponding
subspace. Specifically, for class c ∈ {1, 2, · · · , C}, the category
feature space is being clustered into K clusters, with the k-th
cluster characterized by a centroid p

(c)
k

p
(c)
k = μ

(c)
k (5)

Here, μ(c)
k denotes the mean vector of features within the sub-

space. As a result, a total of C ×K prototypesP = {p(c)k }
C,K
c,k=1

are generated for all categories.
Distribution-Based Prototypes: In the context of domain

adaptation, centroid-based prototypes determine similarity
based on pixel-to-prototype distances. However, with high-
dimensional, sparse features, distance metrics struggle to pri-
oritize different dimensions effectively, leading to a degradation

in clustering performance. In contrast, distribution-based clus-
tering methods, like the Gaussian mixture model (GMM) [23],
introduce variance across feature dimensions that can prioritize
the discriminative dimensions while suppressing the unrelated
ones, making it better suited for high-dimensional, sparse feature
scenarios.

The GMM method can be viewed as the weighted sum of K
multivariate Gaussian distribution:

p(c)(x) =

K∑
k=1

πc,kN (x|μ(c)
k ,Σ

(c)
k ) (6)

where x is the data points with d dimensions and πc,k means
the weight. Inspired by the fact that the Gaussian mixture model
can fit arbitrary distributions, we represent each category feature
space with a unique Gaussian mixture model, each with K com-
ponents. Similar to the centroid-based prototype, we can view
each component p(c)k as a distribution-based prototype.

p
(c)
k (x) = N (x|μ(c)

k ,Σ
(c)
k )

=
1√

(2πd)|Σ(c)
k |

e−
1
2 (x−μ

(c)
k )TΣ

(c)
k

−1
(x−μ(c)

k ) (7)

Here, each prototype is characterized by the mean vector μ(c)
k

and covariance matrix Σ
(c)
k .

To further express our motivation in real senarios, we extarct
features from the baseline model [16] and then conduct the
centroid-based and distribution-based clsutering on them. The
final results are shown in Fig. 4. In Fig. 4, the geometric cen-
ter of the feature distribution is adopted by the single-centroid
method (subfigure (a)). But the geometric center fails to repre-
sent complex distributions, which can easily lead to erroneous
classification boundaries. The centroid-based prototype method
(subfigure (b)) assume equal weights in all directions, resulting
in a rough depiction of boundaries in complex distributions. This
might lead to situations where the distance to the central points
of subclasses from other classes is very small, as highlighted
by the dashed box. In contrast, the distribution-based prototype
method (subfigure (c)), by flexibly considering different direc-
tions, has significant advantages in modeling distributions. This
allows subclass centers of different classes to maintain a reason-
able distance at the boundaries, making the boundaries clear and
discriminative.

Prototype-Category Prediction: For centroid-based cluster-
ing, the feature-to-prototype similarity is measured by the Eu-
clidean distance between the pixel embedding vector and the
centroid prototypes. The similarity function sim is defined as:

sim(p
(c)
k ,F (c)

i ) = −||p(c) −F (c)
i ||2 (8)

For Gaussian-based clustering, sim is defined as the log-
likelihood of the distribution prototype p

(c)
k :

sim(p
(c)
k ,F (c)

i ) = logN (F (c)
i |μ

(c)
k ,Σ

(c)
k ) (9)

where μ
(c)
k and Σ

(c)
k are the mean vector and covariance matrix

that get updated during the training iteration. In practice, tar-
get domain features are grouped based on pseudo labels. The
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Fig. 4. The representational capacity of three methods for feature distribution in real scenarios. Each point in the figure represents a feature. Subfigure (a), (b) and
(c) show the single-centroid method [16], centroid-based prototype method and distribution-based prototype method respectively. The subfigure (a) illustrates two
different classes, while the subfigure (b) and (c) show 5 distinct subclasses of each class. Black stars illustrate the center of classes in subfigure (a) and subclasses
in subfigure (b) and (c).

category prediction yproto of the features in prototype space is
determined by identifying the prototype among C ×K proto-
types that is most similar to the feature Fi:

yproto = c′, where (c′, k′) = arg max
c,k

{sim(p
(c)
k ,Fi)}C,K

c,k=1

(10)
where sim denotes the prototype similarity metric andFi ∈ RD

is the pixel embeddings in prototype feature space. For simplic-
ity in notation, we will no longer distinguish between features
extracted from source images and mixed images.

In formal terms, we can define the posterior probability that
a pixel Fi being assigned to category c as follows:

P
proto
c,i = P(yproto = c|Fi) =

exp(g(c,Fi)/τ)∑C
j=1 exp(g(j,Fi)/τ)

(11)

where g(c,Fi) represents the similarity between a pixel Fi and
a class c, which is calculated as the maximal similarity between
the K prototypes of class C and the embedding Fi : g(c,Fi) =

maxk{sim(p
(c)
k ,Fi)}.

To enforce consistency between the linear classifier and the
prototype branch at feature level, the cross-entropy loss based
on prototypical class predictions is introduced:

LProto
ce =

−1
H ×W

H×W∑
i=1

C∑
j

ȳM(i,j)log(P
proto
j,i ) (12)

where ȳM(i,j) represents the labels of the mixed images downsam-
pled to the resolution of prototype feature embeddings. Here, we
use the mixed images as they contain features from both domains
and inherently facilitate the alignment of shared prototype fea-
tures across domains.

Cross Domain Prototype Online Clustering: The GMM
method, as a parameterized probabilistic model, is typically
solved using the EM algorithm. This iterative approach ini-
tially estimates latent variables with observed value and then
employs these estimates to update model parameters. However,
for segmentation tasks, the immense volume of pixel-level data
significantly increases the computational cost of iterative calcu-
lations. To ensure the scalability of our approach across different

Algorithm 1: Overview of Proposed Method.

datasets, we introduce an online clustering method that dynam-
ically assigns feature pixels from the current batch to their most
similar prototypes. Drawing inspiration from [56], we adopt a
unified clustering strategy for the two types of proposed proto-
types.

Taking category c as an example, we denote the pixel fea-
tures belonging to class c in the current batch as F (c), and L
is total number of pixels in the current batch, and the proto-
types established within category c as P(c) = {p(c)k }Kk=1. We
can view the clustering process as an optimal matching prob-
lem, with the goal of finding the optimal assignment matrix
Qc ∈ {0, 1}L×K , which maximizes the overall similarity be-
tween pixels and prototypes. Here, Sc ∈ R

L×K is the similarity
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matrix between prototypes and pixel feature embeddings, de-
noted as Sc = sim(P(c),F (c)).

As indicated in [23], the clustering procedure can be perceived
as maximizing the similarity between feature vectors and their
corresponding prototypes under the equipartition constraint. We
introduce the prior assumption that samples are evenly dis-
tributed among prototypes, with each sample assigned to only
one prototype. Thus, we can formulate it as an optimization
problem:

max
Qc∈Q̃c

⎛
⎝K,L∑

i,j

Qc � Sc

⎞
⎠

Q̃c = {Qc ∈ {0, 1}K×L, Q�c 1K = 1L, Qc1
L =

L

K
1K}

(13)

and the constraint specified in Q̃c aligns with all the de-
sired prior assumption. Here, 1L represents a vector of ones
with L dimensions. If we consider similarity as the negative
transportation cost, maximizing overall similarities is equiva-
lent to minimizing the cost of association between prototypes
and pixel embeddings. Consequently, the clustering process
can be transformed into solving an optimal transport problem
[56]. In practice, the assignment matrix in (13) can be relaxed
to Qc ∈ R

K×L
+ , meanwhile, by introducing an extra entropy

H(Qc) = ΣL,k − qiL,klog(qiL,k) the optimal solution is then
determined:

Q∗c = D(u)exp

(
S�c
ε

)
D(v) (14)

where ε > 0 is the weight that regularizes the prototypes distri-
bution, D(x) denotes the diagonal matrix with (D(x))ii = xi,
u ∈ R

K and v ∈ R
L are scaling vectors which are obtained

through several iterations of the Greenkhorn algorithm [57] on
modern GPU. In this way, both the centroid-based and Gaussian-
based clustering can be efficiently solved, even when dealing
with large-scale pixel-level datasets. It’s worth noting that [27]
also formulate clustering process as an optimal transport prob-
lem. However, we still differs in two aspects. First, [27] and
our work have different inputs for clustering. In [27], different
clusters correspond to different categories, while in our work, the
input of features belong to the same category, and the purpose of
clustering is to find the subspace in each category. Second, [27]
and our work differ in similarity computation method. In [27],
the similarity are computed with self-labeling head. However, in
our work, we compute the similarity of all the prototypes in one
category and then take the largest as the similarity for clustering.

Pixel-to-Prototype Contrast Learning: Rather than following
the traditional pixel-to-pixel contrast, we conduct contrastive
learning between pixels and prototypes.

Specifically, we start by aligning the original pixel feature
to the prototype feature space through projection layer hproto,
yielding inF . Then, given the optimal assignment matrixQ∗c, the
pixel-to-prototype assignments can be defined as {(Fi, p

(ci)
ki

)},
where ci ∈ {1, 2, · · · , C}, ki ∈ {1, 2, · · · ,K}. In this way,

each pixel Fi is now associated with p
(ci)
ki

, the ki-th prototype
of the ci-th class.

The assignments allow us to establish positive and negative
sample pairs. In the contrastive learning module, p+ = p

(ci)
ki

serves as the only positive prototype sample for pixelFi. Mean-
while, the negative prototypes consist of the other C ×K − 1

prototypes, denoted as P− = P/p(ci)ki
.

In the source domain, we can define the contrastive loss as:

LContrast =

1

H ×W

H×W∑

i=1

−log exp(sim(Fi, p
+)/T )

exp(sim(Fi, p+)/τ) +
∑

p−∈P−
exp(sim(Fi, p−)/τ)

(15)

where τ is the temperature coefficient, and the similarity metric
sim is defined differently depending on the type of prototype be-
ing used. (15) could be interpreted as a mechanism to encourage
that the pixel features Fi be similar to its associated prototype
p
(ci)
ki

, and dissimilar to the unassociated prototypes P−, thus
preserving the intra-class feature variance. In this context, only
C ×K prototypes are needed to calculate pixel-to-prototype
contrastive loss, which requires significantly less computation
and memory for pair sampling compared to pixel-to-pixel con-
trast learning.

At the early stages of training, pseudo-labels contain a consid-
erable amount of noise. For training stability, prior methods like
[48] introduced a warm-up stage to start modeling prototypes af-
ter specific iterations. Instead, we employ a confidence-weighted
approach based on the confidence estimation of pseudo labels.
Following [16], we calculate it as the proportion of pixels with
a maximum probability prediction above a threshold θ. Thus, θ
is able to control the number of pixels for mix training

wT =

∑H×W
i=1 [maxc(hcls(f̃φ(x

T
i )c)) > θ]

H ×W
(16)

which allows for the adaptive introduction of the prototype con-
trastive loss from the very beginning of training. In mixed-
domain images, the adaptive mask is formulated as wM =
wT � (1−M) + 1�M , withM representing the binary mask
indicating the pixels to be copied.

In the mixed-domain, the contrastive learning is conducted
through the calculation of:

LM
Contrast =

1

H ×W

H×W∑
i=1

−wM
i log

exp(sim(FM
i , p

(ci)
ki

)/τ)∑
c,j=1 exp(sim(FM

i , p
(c)
j )/τ)

(17)

Here, each prototype p
(c)
j ∈ P is shared by features across

domains.
Multi-resolution Prototype Learning and Total Loss: HRDA

[31] is currently one of the most widely adopted UDA methods,
utilizing both high-resolution image crops and low-resolution
crops as inputs to enable the model to make more accurate seg-
mentation predictions based on information captured at different
resolutions.
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Fig. 5. Illustration of multi-resolution prototype contrastive learning method. The subfigure(a) shows the pipeline of which use cropped images of different scales
and MPCL module in training, which enable the model to process image of different scales. The subfigure(b) introduces the detail of the MPCL Module, which
consists of global and local feature banks and adopt contrastive learning for training.

In the context of multi-prototype clustering, our goal is
to enhance prototype feature diversity within the same cat-
egory. Accordingly, we extend upon HRDA [31] by inte-
grating multi-resolution features into prototype clustering and
contrastive learning. Specifically, we randomly extract high-
resolution crops from low-resolution ones. As illustrated in
Fig. 5(a), the detailed features from the HR crop, as well as
the broader contextual features from the original LR crop, can
complement each other, resulting in increased diversity and ro-
bustness among the prototypes generated through clustering.

Specifically, for xhr and xlr, the extracted features Fhr and
Flr are individually fed into the Multiple Prototype Contrastive
Learning (MPCL) module, as shown in Fig. 5(b), where sep-
arate clustering processes are performed, and prototypes are
updated accordingly. Then, following (17) and (12), prototype
losses Lproto(xhr) and Lproto(xlr) are obtained for different
resolution features. The combined multi-resolution prototype
loss Lproto

tot can then be given as:

Lproto
tot = (1− λd)Lproto(xlr) + λdLproto(xhr)

Lproto = λ1LM
Contrast + λ2LProto

ce (18)

where λ1 and λ2 are weights of contrastive loss LM
Contrast and

consistency loss LProto
ce . Similarly, λd weights the importance

of xhr and xlr. Combined with the self-training framework, the
total training objective of our method is defined as:

Ltot = LS
ce + LT

ce + Lproto
tot (19)

Prototypes Initialization and Update: The initialization of proto-
types for each category involves clustering on randomly sampled
pixel features. At the early stage of training, a feature bank is set
up to gather features from different categories. Then, K clusters
are initialized within each category subspace via K-Means [40].
The initial prototype statistics are calculated as the mean and
covariance of category features.

In our model, the non-learnable prototypes are dynamic up-
dates based on assignments obtained from prototype learning
rather than learning through gradient descent. To be more pre-
cise, the centroid-based prototypes are updated in each iteration
following:

p
(c)
k ← αp

(c)
k + (1− α)F̄ (c)

k (20)

where α is the momentum parameter for EMA update. and F̄ (c)
k

represents the mean vector of pixel feature embeddings with
each embedding F assigned to prototype p

(c)
k .

As for the distribution-based prototypes p
(c)
k (μk,Σk), it is

updated according to:

μ
(c)
k ← αμ

(c)
k + (1− α)μ̄

(c)
k

Σ
(c)
k ← αΣ

(c)
k + (1− α)Σ̄

(c)
k (21)

where Σ̄(c)
k , μ̄(c)

k is the estimated mean and covariance of features

embeddings within the cluster of Gaussian-based prototype p(c)k .

IV. EXPERIMENTS

A. Datasets

Firstly, our method is evaluated on four commonly
adopted UDA semantic segmentation benchmarks, GTA →
Cityscapes, Synthia → Cityscapes, Cityscapes → DarkZurich
and Cityscapes→ACDC.

Cityscapes [62] consists of 2,975 and 500 images for the
training and validation set, respectively, all captured at a resolu-
tion of 2, 048× 1, 024. It focuses on European city scenes and
offers pixel-level annotations for 19 semantic classes, making it
a crucial resource for urban scene analysis in computer vision.

GTA [5] consists of 24966 synthetic images of American-
style streets created by a video game engine. These images de-
pict virtual American-style city streets and include 19 seman-
tic classes consistent with the categories within the Cityscapes
dataset.

SYNTHIA [6] is a urban scene dataset consisting of syn-
thetic images. It comprises a collection of 9400 images metic-
ulously crafted to resemble urban environments. These images
offer pixel-level annotations for 16 semantic classes, making
them a valuable resource for training and assessing models in
the context of synthetic urban scenes.

DarkZurich [63]. is a real-world dataset comprising 2416
nighttime images, 2920 twilight images, and 3041 daytime im-
ages, all with a resolution of 1920× 1080. In our analysis, we
utilize 2416 day-night image pairs as the primary training data
and an additional 151 images for testing purposes.

ACDC [4] dataset encompasses the same semantic classes
as the Cityscapes dataset and is collected under four distinct
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TABLE I
COMPARISON OF UDA SEGMENTATION PERFORMANCE (MIOU,%) ON GTA→ CITYSCAPES

adverse visual conditions: Fog, Night, Rain, and Snow. As a
real-world dataset, it comprises a total of 1600 training images,
406 validation images, and 2000 test images, all of which have
a resolution of 1920× 1080 pixels.

In line with prior works [16], [31], [35], we evaluate segmen-
tation performance on the Cityscapes validation set. Specifically,
we report the mean Intersection over Union (mIoU) for all 19
classes in GTA → Cityscapes, Cityscapes → DarkZurich and
Cityscapes → ACDC and for 16 categories in SYNTHIA →
Cityscapes.

B. Implementation Details

Architectures Settings: We follow the established UDA
settings [14], [16], [31], [35], employing the MiT-B5 model
pretrained on ImageNet-1k as our backbone. In the prototype
head, a 1× 1 conventional layer projects pixel embeddings
to prototype features space, where Dproto = 256, then build
K = 5 prototypes within each category. We follow the design
of context-aware fusion decoder [16] in the prototype branch.
The feature bank size is defined as 20000. Our approach
introduces an auxiliary prototype head that works harmoniously
with the majority of existing UDA methods. The prototype
head is exclusively employed during the training phase and is
deactivated during testing.

Training details: Following the standard UDA protocol [16],
we employ AdamW optimizer [64] with a learning rate of
6× 10−5 for the encoder and 6× 10−4 for the decoder.
Additionally, we apply weight decay of 0.01 and adopted
linear warmup of the learning rate [65] during the initial 1,500
iterations. The images in GTA and Synthia are resized to
1, 280× 720 and 1, 280× 760, respectively. As for mixed-
resolution training, the crop size is set to 640× 640 for the
single-resolution model and 1, 024× 1, 024 for the
multi-resolution model. The parameter α = 0.999 is used
for EMA updating. We set temperature coefficient T = 0.1 and

pseudo confidence threshold θ = 0.968. Following HRDA [31],
the weight on low-resolution branch λd = 0.1. For loss weighs,
we empirically choose the setting of λ1 = 0.1 and λ2 = 0.1.
We also employ additional training strategies, including domain
mixing [14], rare class sampling, and ImageNet feature distance
[16]. We trained the framework a batch size of 2 on a single
TESLA-V100(32G) GPU for 60,000 iterations.

C. Comparison to the State-of-the-art Methods

We compare MPCL to state-of-the-art UDA approaches on
GTA → Cityscapes and Synthia → Cityscapes. As shown in
Tables I and II. Our centroid-based and distribution-based pro-
totype methods were integrated into three widely adopted frame-
works: DAFormer [16], HRDA [31], and MIC [35].

GTA → Cityscapes: Table I shows that our centroid-based
and distribution-based methods exhibit segmentation perfor-
mance improvements of +3.0%,+1.3% and +3.3%,+1.5%
over DAFormer and HRDA, respectively, indicating better fea-
ture representation learning from the distribution-based proto-
types in this benchmarks.

Combined with the latest MIC [35], our centroid-based and
distribution-based versions achieved additional segmentation
improvements of +0.5% and +0.9% over the baseline, high-
lighting the complementarity of our approach with existing
UDA methods. Particularly, the integration of MIC with the
distribution-based method has led to a remarkable mIoU of
76.8%.

Additionally, the distribution-based approach exhibits supe-
rior performance in comparison to its counterparts across 12 out
of the 19 categories, especially in segmenting large objects like
building, bus, car, and in long-tailed classes like train, traffic
sign, traffic light. These results imply that the multi-prototype
approach can identify patterns despite substantial intra-class
variations.
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TABLE II
COMPARISON OF UDA SEGMENTATION PERFORMANCE (MIOU,%) ON SYNTHIA→ CITYSCAPES

TABLE III
SEMANTIC SEGMENTATION PERFORMANCE (MIOU, %) ON TWO REAL-WORLD UDA BENCHMARKS

Synthia → Cityscapes: Table II illustrates the competitive
performance of our approach on the Synthia → Cityscapes
benchmark. Notably, both the centroid-based and distribution-
based methods outperform the previous UDA method,
DAFormer [16] and HRDA [31] by a large margin. Also,
when combined with current state-of-the-art MIC [35], we
see an improvement of +0.5 and +1.1 in mIoU, respectively.,
resulting in an overall performance of 68.4%. It is noteworthy
that our method achieves the highest performance across a wide
range of categories, demonstrating its effectiveness.

Realworld benchmarks: Table III illustrates the performance
of our method on two real-world datasets. Unlike synthetic
datasets GTA and Synthia, real-world scenes are more com-
plex, posing significant challenges to algorithm generaliza-
tion. As shown in Table III, our method obatains 54.5% and
56.4% mIoUs on Cityscapes → DarkZurich and Cityscapes
→ ACDC benchmarks separately. Our method demonstrates
improvements over the latest methods based on the baseline,
surpassing other approaches. This highlights the effectiveness
and generalizability of the method we propose.

D. Visualization

Qualitative results: We have conducted a comparative anal-
ysis of our segmentation visualization results with those of

the previous state-of-the-art methods, DAFormer [16] and
MIC [35], using both GTA → Cityscapes and SYNTHIA
→ Cityscapes benchmarks. As depicted in Fig. 6, our ap-
proach excels in segmenting challenging classes, including traf-
fic signs, sidewalks and poles, which is inalign with the results in
Table I. In addition, our approach performs exceptionally well
in the context of rare classes, such as rider. It accurately sepa-
rates the rider’s head instead of misclassifying it as person. This
demonstrates that the utilization of multiple prototypes allows it
to focus on distinctive parts within objects, ultimately enhancing
classification accuracy.

Visualization on pixel-to-prototype similarity: To gain a more
intuitive insight into the role of prototypes in the domain adap-
tation process, we visualized the activation of distinct pixel
features with respect to multiple prototypes within their cor-
responding category subspaces in Fig. 7. It can be observed
that, for class car and person, their respective prototypes ex-
hibit similarities during the exploration of distribution patterns.
Each prototype corresponds to different components of the ob-
jects, with some emphasizing the overall object context while
others concentrate on capturing segments near the contour. In
the scenes of sky, road and wall, the coverage of different proto-
type heatmaps varies, collectively encompassing the entire pixel
range of their respective categories. Thus, these complementary
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Fig. 6. Qualitative Comparison on GTA→ Cityscapes. Better segmentation results are highlighted in dash boxes(zoom in for finer details).

TABLE IV
ABLATION STUDY ON DIFFERENT COMPONENTS

prototypes better cover the dispersed feature distributions across
categories, thereby enabling accurate classification of samples
located near the decision boundary.

T-SNE visualization: In Fig. 8, we visualize the feature space
via T-SNE [68]. Compared to the baseline, both versions of pro-
totypes exhibit the capability to learn a more compact structure,
with the Gaussian-based prototype being particularly discrim-
inative. This visualization demonstrates the model’s capacity
to attain a well-structured feature space via prototypical con-
trastive learning. Moreover, Fig. 8(d) shows that multiple pro-
totypes can capture distinctive characteristics within different
categorical spaces.

E. Ablation Study

Effect of different components: We conduct ablation studies
on different components in the prototype contrastive module,
specifically, contrastive lossLM

Contrast, consistency lossLProto
ce

using the GTA → Cityscapes benchmark with HRDA as the
baseline.

TABLE V
AVERAGE TIME COST COMPARISON(S/ITER) WITH [16] AS THE BASELINE

As depicted in Table IV, for Gaussian-based prototypes, the
inclusion ofLM

Contrast in the centroid version results in a perfor-
mance improvement of +1.2%, while LProto

ce contributes to a
+0.9% enhancement. Both losses serve to regularize the feature
distribution across domains, promoting the generation of more
reliable pseudo-labels. When we combine the two components,
a mIoU of 75.3% is achieved. As for the centroid version, the
centroid contrastive learning module performs better than the
baseline, with an improvement of +1.3%.

Table V illustrates the time cost comparison of baseline
and our proposed method. It can be observed that our method
achieves slight improvements of 0.1519 s/iter and 0.1329
s/iter over the baseline on the GTA→ Cityscapes and Synthia
→ Cityscapes benchmarks, respectively. Considering the per-
formance enhancement analysis discussed above, it is evident
that our method achieves a significant performance boost at a
minimal time cost. Furthermore, during the testing phase, the
plug-and-play modules do not participate in inference, result-
ing in inference times that are identical to those of the baseline
method.

Effect of in-class contrastive learning: Our method treat all
prototypes, except for the nearest one, as negative samples when
computing LM

Contrast, including those from the same category.
This approach aims to help multiple prototypes of the same cate-
gory represent different features. We compared our method with
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Fig. 7. Activation map of multi-prototypes. The leftmost column is the input image, and the images in columns 2 to 4 correspond to three different prototypes
of the category, respectively. The categories shown from the top to the bottom are car, person, sky, road and wall.

Fig. 8. T-SNE visualization of features in under different prototype learning methods with 5 classes in view.

an alternative approach(w/o In-class Contrast in Table VI) that
only considers prototypes from other categories as negative ones,
with the results presented in Table VI. Compared to this method,
our approach achieve improvements of 2.6% and 0.6% on the
GTA→ Cityscapes and Synthia→ Cityscapes benchmarks, re-
spectively. The results indicate that our method outperforms the
approach that only uses out-of-class prototypes as negative sam-
ples in terms of performance.

Effect of contrastive learning on different domains: We con-
duct a comprehensive performance assessment of our method
across various domains. Table VII shows that the use of
centroid-based and distribution-based prototypes in either the
source or target domain results in performance improvements.
The most significant enhancement, with an increase of +1.3%
and +1.5% on GTA → Cityscapes, is achieved when fea-
tures from both domains are utilized for prototype contrastive
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TABLE VI
SEMANTIC SEGMENTATION PERFORMANCE (MIOU, %) UNDER DIFFERENT MODEL SETTINGS

TABLE VII
ABLATION STUDY ON DIFFERENT PROTOTYPE DOMAINS

TABLE VIII
ABLATION STUDY ON DIFFERENT RESOLUTION OF PROTOTYPES FEATURES

WITH [31] AS THE BASELINE

learning. This highlights our model’s ability to capture distinct
feature patterns across mixed domains.

Effect of multi-resolution prototype features: To verify the
effectiveness of the multi-resolution prototype learning, we test
our method based on HRDA [31]. When only low-resolution fea-
ture is used for centroid-based prototype modeling, the model
is similar to the previous multi-prototype method [21]. As
listed in Table VIII, we see a boost in performance when the
high-resolution features are considered during prototypical con-
trastive learning, indicating that features from HR-corps im-
prove the diversity of intra-class prototypes.

Effect of prototype-based output: The plug-and-play scheme
we designed is based on prototypes, where different prototypes
encode and represent distinct category features. This allows for
the possibility of direct classification using prototypes. As shown
in the Table VI, the use of prototypes can also achieve high
segmentation performance with 69.1% and 59.9% on GTA →
Cityscapes and Synthia→Cityscapes benchmarks, respectively,
which is only slightly lower than the output of our proposed
method. This demonstrates that the prototypes have learned ef-
fective features.

F. Parameter Study

Analysis on prototype number: The hyperparameter K
determines the number of distinct prototypes adopted to

TABLE IX
ANALYSIS ON THE PROTOTYPE NUMBER FOR EACH CLASS WITH [31] AS THE

BASELINE

TABLE X
ANALYSIS ON HYPERPARAMETES WITH [16] AS BASELINE λ1: WEIGHT OF

LMContrast, λ2 WEIGHT OF LProto
ce

represent features in each category. Thus, an insufficient num-
ber of prototypes can lead to inadequate feature representation
by the model. Notably, when K = 1, our model aligns with the
previous single-category centroid-based method [17]. However,
the richness of features is also limited; an excessive number of
prototypes may introduce noise during training. Thus, Select-
ing an appropriate number of prototypes per category is crucial
to ensure the representativeness of prototypes. We assess our
model’s performance across different values of K in the GTA
→Cityscapes benchmark. All the experiments are conducted on
the centroid-based version with HRDA [31]. Table IX shows that
improvements are observed with an increased number of pro-
totypes, demonstrating the effectiveness of multiple prototypes.
However, an excessive number of prototypes leads to a perfor-
mance decrease, indicating a sparse feature space. Empirically,
we select K as 5 during experiments.

Additionally, we conduct a hyperparameter analysis on
the weight associated with contrastive loss (LM

Contrast) and
prototype-based prediction loss (LProto

ce ) with centroid-based
prototypes. The results are presented in Table X. These ex-
periments were carried out on the GTA → Cityscapes under
DAFormer [16] with Gaussian-based prototypes. Empirically,
we select λ1 = 0.1 and λ2 = 0.1.

Analysis on training parameters: During the training process,
three parameters play a crucial role. θ, as the confidence thresh-
old, determines which target domain pixels can be selected for
mixed training. The feature bank size influences the speed of
prototype updates, while the momentum parameter α dictates
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TABLE XI
ABLATION STUDY OF FEATURE BANK SIZE, CONFIDENCE THRESHOLD θ AND MOMENTUM PARAMETER α WITH [16] AS THE BASELINE

the magnitude of model parameter updates. We conducted a fur-
ther investigation into the values of these three parameters, with
the results presented in the Table XI. An excessively large feature
bank size can slow down the prototype update rate, while a value
that is too small can lead to instability in training. Similarly, a
large θ can reduce the number of effective features, whereas a
smaller T may introduce more noise. Additionally, if α is too
large, the model parameter updates will be slow, while a value
that is too small can cause instability in model training. There-
fore, we selected 20k, 0.968, and 0.999 as the values for feature
bank size, θ, and α to achieve a balance in the training process.

V. CONCLUSION

In this article, we explore the reason behind noisy pseudo
labels and present a contrastive learning framework with dif-
ferent types of prototypes for UDA semantic segmentation. To
denoise pseudo labels, we use online non-parametric clustering
to establish multiple prototypes within category feature spaces.
Then, we leverage contrastive learning between pixels and pro-
totypes to regularize feature space. Both centroid-based and
distribution-based prototypes are utilized to capture distinctive
intra-class characteristics and encourage better separation be-
tween categories, resulting in improved category-specific dis-
crimination. Furthermore, the introduction of multi-resolution
prototype learning enhances the diversity and robustness of pro-
totype representations. Experimental results demonstrate the ef-
fectiveness of the proposed method, surpassing previous state-
of-the-arts with a strong performance of 76.8% mIoU on GTA→
Cityscapes and 68.4% mIoU on Synthia→ Cityscapes. More-
over, we conduct experiments on two real-world benchmarks,
i.e. Cityscapes→ACDC and Cityscapes→DarkZurichand ob-
tains the favorable results of 56.4% and 54.5%, respectively.
Moving forward, we plan to further expand the applicability of
our method to related fields, such as medical image segmentation
and video segmentation.
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