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Abstract

Unsupervised domain adaptation (UDA) aims to bridge
the domain shift between the labeled source domain and
the unlabeled target domain. However, most existing works
perform the global-level feature alignment for semantic seg-
mentation, while the local consistency between the regions
has been largely neglected, and these methods are less ro-
bust to changing of outdoor environments. Motivated by
the above facts, we propose a novel and fully end-to-end
trainable approach, called regional contrastive consistency
regularization (RCCR) for domain adaptive semantic seg-
mentation. Our core idea is to pull the similar regional
features extracted from the same location of different im-
ages to be closer, and meanwhile push the features from the
different locations of the two images to be separated. We
innovatively propose momentum projector heads, where the
teacher projector is the exponential moving average of the
student. Besides, we present a region-wise contrastive loss
with two sampling strategies to realize effective regional
consistency. Finally, a memory bank mechanism is designed
to learn more robust and stable region-wise features under
varying environments. Extensive experiments on two com-
mon UDA benchmarks, i.e., GTAV to Cityscapes and SYN-
THIA to Cityscapes, demonstrate that our approach outper-
forms the state-of-the-art methods.

1. Introduction
Semantic segmentation aims to assign a semantic class

label to each pixel for a given image, and it is a fundamental
task in computer vision. It plays an essential role in many
downstream applications such as autonomous driving, med-
ical analysis, and remote sensing. Deep learning models
and techniques of semantic segmentation [6, 7, 39, 41, 85]
have achieved great progresses in popular semantic segmen-
tation benchmarks [14,18,38]. However, these methods typ-
ically require a large amount of labeled training data, and
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Figure 1. Previous domain adaptation methods overlook the re-
gional consistency across different domains. To address this prob-
lem, our key idea builds on region-level contrastive learning by
maximizing the inter-region differences and minimizing intra-
region disagreement. 1). On the output space, the predicted label
should be invariant to cross-domain environmental augmentations,
e.g., CutMix. 2). On the feature space, we pull the similar regional
embeddings extracted on the same location from the target image
and mixed image to be closer, and push the dissimilar embeddings
from the different locations of the two images to be separated.

such sufficient labeled data may not be always available
in real-world scenarios. Labeling these pixel-wise images
is extremely expensive, and time-consuming [14]. For in-
stance, pixel-wise labeling for one Cityscapes image takes
90 minutes on average [14]. Recent progress in computer
graphics such as rendering makes it possible to automat-
ically generate synthetic images with free pixel-wise an-
notations from virtual 3D environments, e.g.,, GTAV [56],
SYNTHIA [57], Virtual KITTI [22], etc. Thus, a natural
idea is using synthetic data to supervise the segmentation
model instead of real data. However, such data cannot fully
match the real-world distributions to guarantee reliable per-
formance due to the existing domain shifts. Thus, it is nec-
essary to reduce the labeling cost and improve the general-
ization ability of the segmentation models under different
distributions.
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To cope with this problem, unsupervised domain adap-
tation (UDA) for semantic segmentation has been recently
explored and has rapidly grown with a bunch of approaches.
This task aims to bridge the existing domain gap be-
tween the labeled source domain and the unlabeled tar-
get domain. Many mainstream approaches perform the
adaptation in input-level [11, 24, 25, 27, 29, 37, 77, 80, 81],
feature-level [4,12,12,42,43,64,65,67,91,92], and output-
level [9,44,45,52,63,69,78]. However, most of them heav-
ily depend on the computationally involved adversarial ob-
jectives [9,44,45,52,63,64,69], offline self-training [37,46,
48,58,91,92] and image translation [25,27,29,37,77,80,81],
which makes the training process too complicated and hard
to converge.

Recently, consistency regularization emerges [2, 13, 20,
47, 54, 61, 76, 87, 88], and tackles this problem by employ-
ing the consistency constraint on the target prediction be-
tween the student model and the teacher model, respec-
tively. This kind of consistency-based method usually per-
forms the feature-level domain alignment between the stu-
dent model and the teacher model with an online ensem-
ble. The teacher model is an exponential moving average
(EMA) of the student model, and then the teacher model
could transfer the learned knowledge to the student.

Unfortunately, such methods usually employ an incon-
sistent penalty on the global level for the prediction map,
while largely neglecting the region-wise consistency on the
local level, i.e., some contextual object occurrence should
be consistent regardless of the outdoor changes of environ-
ments. We observe that only capturing the pattern informa-
tion from the global level is not powerful enough to enhance
the feature-level representation. If lacking this property, the
segmentation result of objects will inevitably suffer from a
non-marginal performance drop in the target domain. To
prevent the model from abusing the contexts, we aim to
make the learned representations more robust to the chang-
ing environments by exploring the regional consistency in a
fine-grained manner.

Motivated by the above facts, we propose a regional
contrastive consistency regularization (RCCR) framework
for domain adaptive semantic segmentation, which is fully
end-to-end trainable. Our key idea builds on region-level
contrastive learning by maximizing the inter-region differ-
ences and minimizing intra-region disagreement. To pro-
duce cross-domain environmental changes, we extend the
CutMix strategy to the cross-domain setting, i.e., a ran-
dom region of the unlabeled target image is cut and pasted
onto the source image. Two key components are presented
to tackle the aforementioned problem. Firstly, we design
momentum projector heads after the encoder architecture
to produce the low-dimensional features, namely, student
projector and teacher projector, where the teacher projec-
tor is the exponential moving average (EMA) of the student

projector. Instead of directly using the output features of
the encoder, the projector heads can prevent the classifier
head from overlooking too much local information for adap-
tation. Secondly, we present the region-wise contrastive
(RWC) loss between the latent embeddings of the student
and teacher projector, respectively. The main intuition is to
pull the similar regional features extracted from the same lo-
cation from the target image and mixed image to be closer,
and meanwhile push the features from the different loca-
tions of the two images to be separated.

To further improve the power of contrastive learning in
domain adaptive semantic segmentation, two techniques are
proposed in the whole architecture. Firstly, we present two
sampling strategies for positive and negative samples, re-
spectively. For positive sampling, we consider the output
confidence of the segmentation head in a certain location
while taking the label or the pseudo label into account for
negative sampling. Secondly, we introduce a memory bank
mechanism to store the negative features created in the last
few batches to learn more robust and stable region-wise fea-
tures under varying environments.

In a nutshell, our contributions are three-fold:

• We propose a regional contrastive consistency regular-
ization framework for domain adaptive semantic seg-
mentation, which keep the local regional consistency
on the feature space and output label space, respec-
tively, under the cross-domain environmental augmen-
tations.

• We present a region-wise contrastive loss, and momen-
tum projector heads to realize effective regional con-
sistency in domain adaptation. We also introduce a
memory bank mechanism and two sampling strategies
to further improve the power of the regional contrastive
consistency regularization.

• We provide extensive experiments with analysis
and demonstrate the state-of-the-art performance
on two challenging domain adaptation bench-
mark datasets for semantic segmentation, i.e.,
GTAV [56]→ Cityscapes [14] and SYNTHIA [57]→
Cityscapes [14].

2. Related work
2.1. Unsupervised domain adaptation for semantic

segmentation

Unsupervised domain adaptation (UDA) is attracting
wide attention in the past few years, and it aims to learn
a generalized model on the labeled source domain and the
unlabeled target domain. This problem has been well-
studied in image recognition [15, 23, 30, 35, 36, 70, 84].
However, these methods only work on simple and small



classification datasets, e.g., MNIST [32] and SVHN [49],
and may have quite limited performance in more chal-
lenging and higher-structured tasks, e.g., semantic segmen-
tation. Thus, researching unsupervised domain adapta-
tion in semantic segmentation is quite necessary and im-
portant. Many recent approaches are proposed to tackle
the domain gap between the source data and the target
data on different levels. These domain adaptation meth-
ods mainly can be divided into three categories: namely,
the input-level [11, 24, 25, 27, 29, 37, 77, 80, 81], feature-
level [4, 12, 12, 42, 43, 64, 65, 67, 89, 91, 92], and output-
level adaptation [9, 44, 45, 52, 63, 69, 78]. However, most
recent methods [29, 37, 69, 81] involving many sophisti-
cated sub-components, e.g., computationally involved ad-
versarial objectives [9, 44, 45, 52, 63, 64, 69], offline self-
training [37,46,48,58,74,91,92] and image translation mod-
els [25, 27, 29, 37, 77], which are quite complex and hard to
converge, and cannot be trained in an end-to-end manner. In
contrast, our proposed method is simple yet effective, and
fully end-to-end trainable.

2.2. Consistency Regularization

Consistency regularization is initially proposed in semi-
supervised image learning tasks [60]. Recently, this archi-
tecture and its advanced variants have achieved state-of-the-
art performance in the semi-supervised learning (SSL) [5,
75, 79, 83, 86] and unsupervised domain adaptation (UDA)
benchmarks [3, 13, 17, 34, 55, 76, 87, 88]. Their frame-
works include a student and teacher model, where the
teacher model uses the EMA weight of the student mod-
els. Besides the supervised loss, the inconsistency between
the output of the two models are treated as an additional
penalty to push the student model to learn more domain-
invariant features from the teacher. Mixup has been re-
cently adopted as a high-dimensional augmentation to pro-
duce perturbation on the input for the Mean Teacher ar-
chitecture [10, 19, 21, 50, 61, 88]. However, most of them
employ an inconsistent penalty on the global level, while
largely neglecting the region-wise consistency on the local
level. In contrast to these approaches, we aim to make the
learned representations more robust to the changing envi-
ronments on a fine-grained manner.

2.3. Contrastive Learning

Great progress in contrastive learning [1,8,31,40,51,59,
68, 68, 71–73] has been achieved by encouraging the posi-
tive pairs to get closer and pulling the negative pairs apart.
For semantic segmentation tasks, [1, 68, 73] are proposed
to fit the dense pixel prediction requirements. The defi-
nition of positive pairs and negative pairs can be various,
and [59, 68] treated the same category samples as the pos-
itive pairs and others as the negative pairs. [40] divided
the positive pairs and negative pairs according to the label

distribution similarity between different patches. There are
also some works that investigated the contrastive learning
methods [31, 72] in Semi-Supervised Semantic Segmenta-
tion (SSS). Our method differs from these methods in sev-
eral aspects. Firstly, we tackle a more complicated task
UDA rather than SSS, where the domain shifts exist be-
tween the source and the target domain. Secondly, another
main difference is that most of them only consider category-
wise contrastive learning patterns while largely neglecting
the region-wise consistency. In contrast, we keep the re-
gional consistency in the feature space and output space,
respectively. Finally, in addition to the introduced region-
wise contrastive loss, we also take the category of samples
into account in the sampling strategy.

3. Method
In this section, we describe our approach to UDA in

the autonomous driving setting. Sec. 3.1 explains the
notation and problem formulation; Sec. 3.2 presents the
RCCR framework design, including the momentum pro-
jector head (Sec. 3.2.1), cross-domain environmental per-
turbations (Sec. 3.2.2), region-wise contrastive loss (Sec.
3.2.3), two sampling strategies (Sec. 3.2.4), and memory
bank mechanism (Sec. 3.2.5); Sec. 3.3 describes the overall
optimization and total training procedure.

3.1. Problem Formulation

In the UDA task, we have access to the source do-
main with labels, denoted as Ds = {(xs, ys) | xs ⊂
RH×W×3, ys ⊂ RH×W , ys ∈ [1, C]

}
, and the target do-

main without labels denoting as Dt = {(xt) | xt ⊂
RH×W×3

}
. Our primary goal is to bridge the domain gap

between the Ds and Dt.
Feature extractor Fenc receives images x as input, and

produces a high-dimensional feature map M ∈ Rh×w×D

Then, a segmentation head Fseg maps M into a C-
dimensional prediction map P after upsampling and the
softmax layer: P = fseg(M) ∈ RH×W×C . For the source
domain with access to the source domain label, we optimize
the network parameters θ by constraining it with the cross-
entropy loss:

LCE = −
H×W∑
n=1

C∑
c=1

yn,cs logPn,cs (1)

3.2. Regional Contrastive Consistency Regulariza-
tion

3.2.1 Momentum Projector Head.

As shown in Fig. 2, we design momentum projector heads,
namely student projector and teacher projector, where the
teacher projector is an exponential moving average (EMA)
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Figure 2. Overview of the regional contrastive consistency regularization (RCCR) architecture. Firstly, to produce cross-domain environ-
mental changes, we cut a region from the target and paste it onto the source image to generate CutMix images. Then, we design the student
and teacher projector to extract CutMix embeddings and target embeddings, respectively. Given these embeddings, we compute the pro-
posed region-wise contrastive (RWC) loss by maximizing the inter-region differences and maximizing intra-region agreement. Moreover,
we introduce sampling strategies and memory banks to further enhance our contrastive learning paradigm.

of the student projector, as described in Equ. 2. The pro-
jector heads Fproj behind the feature extractor Fenc aims
to map the latent high-dimensional representations M ∈
Rh×w×D of Fenc to the low-dimensional representations
E ∈ Rh×w×K , where channel number K<D.

θ̂
(t)
proj = αθ̂

(t−1)
proj + (1− α)θ

(t)
proj (2)

The main intuition of using the embeddings E of the pro-
jector rather than output feature M of the feature extractor
is to prevent losing too many semantic cues in the adap-
tation and overlooking the regional consistency on the lo-
cal level for contrastive learning. As for the network ar-
chitecture of Fproj , we implement it with two consecu-
tive 1 × 1 convolutional layers with ReLU. This projector
head Fproj maps M into a K-dimensional embedding map:
E = Fproj(M) ∈ Rh×w×K . The size h and w are eight
times down-sampling of the input image in the ResNet101
backbone, i.e.,, h = H

8 , w = W
8 .

3.2.2 Cross-Domain Environmental Perturbations.

To produce the perturbations of the outdoor environments,
we extend the semi-supervised augmentation strategy e.g.,
CutMix [19], to the cross-domain setting, thus creating aug-
mented inputs, denoted by xcut. To be specific, we form
xcut by randomly cutting a square region from the target
image xt and paste it to the same location in a correspond-

ing source image xs, given as Equ. 3

xcut = m� xt + (1−m)� xs, (3)

The side length S and the top-left coordinate of the square
region should be divided by 8. After that, we can feed
the xcut to the student model (encoder Fenc following by
Fproj) to get the CutMix embedding Ecut, and we then ob-
tain the target embedding Êt after we feed xt to the teacher
model. The reason why we use CutMix [19] for contrastive
learning is that a location in the projector embedding maps
to a 8× 8 pixels region in the input image, and CutMix can
achieve region-level cross-domain mixup for further local
feature alignment.

3.2.3 Region-wise Contrastive Loss.

The core idea of region-wise contrastive (RWC) loss is to
keep the regional consistency on a fine-grained level by
maximizing the inter-region differences and minimizing the
intra-region disagreements. In other words, we aim to pull
the embedding on the same location of the overlap region
between the CutMix embeddingEcut and the target embed-
ding Êt to be closer, and push the embeddings on other lo-
cations to be separated. The proposed contrastive loss func-
tion is defined as follows:

Lcont =
1

s2

h∑
i=1

w∑
j=1

Φi,jLcont(Ecut(i,j)) (4)



Lcont(Ecut(i,j)) = − log
exp(sim(Ecut(i,j), Êt(i,j))/τ)

exp(sim(Ecut(i,j), Êt(i,j))/τ) + ∆
(5)

∆ =

h∑
k=1

w∑
l=1

Ωk,lexp(sim(Ecut(i,j), Êt(k,l))/τ)+

h∑
k=1

w∑
l=1

Ωk,lexp(sim(Ecut(i,j), Ecut(k,l))/τ)

(6)

Φi,j = 1{(i, j) ⊂ O(Ecut, Êt)} (7)

Ωk,l = 1{(k, l) 6= (i, j)} (8)

where O(Ecut, Êt) means the overlap region between
the CutMix embedding Ecut and the target embedding Êt,
and s = S

8 is the size of O(Ecut, Êt). sim(u, v) =
u>v/‖u‖‖v‖ is the cosine similarity between two embed-
ding vectors with temperature term τ . For any Ecut(i,j),
there is only one relevant positive pair (Ecut(i,j), Êt(i,j)),
where Êt(i,j) denotes the projector embedding in the same
location (i, j) of the target image. The different locations
in Ecut and Êt are all negative samples for Ecut(i,j), and
therefore there are (2hw − 2) relevant negative pairs.

Thus, the discrepancy between the elements of the pos-
itive pair should be minimized, thus maximizing the intra-
region agreements and performing the intra-domain adap-
tation. On the other hand, the discrepancy between the ele-
ments of the negative pair should be constrained, thus maxi-
mizing the inter-region difference and performing the inter-
domain adaptation. Note that our proposed RWC loss is a
kind of unidirectional contrastive learning strategy since the
teacher model tends to output higher confident prediction
than the student model, and therefore we only make Ecut
close to Êt.

3.2.4 Sampling Strategies.

Semantic segmentation tasks always require pixel-wise
classification, and the outputs of the classifier also have ob-
scure semantic relationships. To avoid treating every sam-
ple equally, we propose two sampling strategies of positive
and negative samples in region-level contrastive learning.

Negative Sampling. We introduce random sampling and
category-aware sampling strategies for negative samples.
Specifically, we first randomly select half samples from the
original negatives. The intuition of this sampling strategy is
similar to the projector head, aiming to prevent from over-
looking too much regional consistency for cross-domain

segmentation. Secondly, we filter the negative embeddings
that have the same label or pseudo label with Ecut(i,j) due
to the fact that some works [59,68] have proved that gather-
ing the embeddings of the same category can be beneficial
to semantic segmentation. Note that we do not enlarge the
embedding distance for the same category.

Positive Sampling. As mentioned above, for every pos-
itive pair (Ecut(i,j), Êt(i,j)), we push Ecut(i,j) to be close
to Êt(i,j) in a specified direction, since the output of the
teacher model is more credible than the student model, but
this fact does not mean that the teacher embedding can be
completely trusted, especially the embedding output has not
been fully supervised constrained as the segmentation head.
Thus, we propose a positive sampling strategy based on the
segmentation output. In particular, we set a threshold δ to
select positive samples, for every Ecut(i,j), only the predic-
tion probability in the same location of corresponding target
image larger than δ will be included in contrastive learning.

3.2.5 Memory Bank Mechanism.

To further enhance the contrastive learning scheme, we de-
velop a memory bank mechanism to better explore the la-
tent embedding space. To be specific, the embedding out-
puts produced in the past few batch images are also consid-
ered as negatives in the current iteration, and we construct
a memory bank to save useful information: the projector
embedding and their corresponding label or pseudo label.
We keep the memory bank driven by the motivation that:
the environments between different images may have sim-
ilar distribution and can be semantically related since they
come from the same dataset. Therefore this strategy can
enable learning more robust and stable region-wise features
under varying environments. Besides, this method can also
reduce the memory occupation and computational resources
of segmentation.

3.3. Overall Optimization and End-to-End Training

After each iteration, the student’s weights θ are opti-
mized by the following loss:

L(θ) = LCE + λLcons + µLcont (9)

where λ and µ are hyper-parameters that balance the three
loss parts. And the teacher’s weight θ̂ are updated as an ex-
ponential moving average (EMA) of the student’s weights:

θ̂(t) = αθ̂(t−1) + (1− α)θ(t) (10)

where α is a smoothing coefficient hyperparameter.
Algorithm 1 described the whole pipeline of the re-

gional contrastive consistency regularization in the end-to-
end training procedure. Given the labeled source domain



Algorithm 1: Regional Contrastive Consistency Regularization

Input: source domain dataset Ds and target domain dataset Dt, the student model Fθ and teacher model F̂θ
Output: teacher model (F̂enc, F̂seg)

1 Initialize network parameters θ randomly;
2 for t← 1 to N do
3 xclass, xcut ← ClassMix(xs, xt), CutMix(xs, xt); // produce mix images
4 Ps ← Fseg(Fenc(xs)); // fed source image to the student model

5 M̂t ← F̂enc(xt); // fed target image to the teacher model

6 P̂t, Êt ← F̂seg(M̂t), F̂proj(M̂t); // Get target predictions, and target embeddings

7 ŷt ← argmax(P̂t) ; // Get target pseudo label
8 yclass ← ClassMix(ŷt, ys); // form ClassMix label
9 Pclass ← Fseg(Fenc(xclass)); // fed ClassMix image to get the ClassMix prediction

10 Ecut ← Fproj(Fenc(xcut)); // fed CutMix image to get the CutMix embedding

11 L(θ) = LCE(ys, Ps) + λLcons(yclass, Pclass) + µLcont(Ecut, Êt); // compute total loss
12 Compute5θL by backpropagation;
13 Perform one step of stochastic gradient descent on θ;
14 θ̂

(t)
enc = αθ̂

(t−1)
enc + (1− α)θ

(t)
enc; // update the teacher feature extractor by EMA

15 θ̂
(t)
seg = αθ̂

(t−1)
seg + (1− α)θ

(t)
seg; // update the teacher Segmentation head by EMA

16 θ̂
(t)
proj = αθ̂

(t−1)
proj + (1− α)θ

(t)
proj ; // update the teacher projector by EMA

17 end
18 return (F̂enc, F̂seg)

Ds and the unlabeled target domain Dt, we firstly produce
ClassMix image xclass and CutMix image xcut, respec-
tively. The former xclass is fed to the student model Fθ
to get the ClassMix prediction Pclass. The source label ys
and the target pseudo label ŷt are mixed as yclass to com-
pute the consistency loss Lcons with Pclass. Secondly, as
for the regional contrastive learning, we fed the target fea-
ture map M̂t to the teacher projector head Fproj to get the
target embedding Êt. Meanwhile, the latter CutMix image
xcut is fed into the student model to get the CutMix embed-
ding Ecut. Then, we calculate the region-wise contrastive
loss Lcont given these two embeddings. Finally, the student
model is fully supervised by a Cross-Entropy loss LCE . In
the inference phase, we only keep F̂enc and F̂seg remained.

4. Experiments

In this section, we first describe the experimental setup
in Sec. 4.1, including the datasets and the implementation
details. Then, in Sec. 4.2, we demonstrate the state-of-
the-art performance of our proposed method on two pop-
ular UDA benchmark datasets of cross-domain semantic
segmentation. We also provide more qualitative results of
cross-domain segmentation to validate its efficacy. Finally,
in Sec. 4.3, we conduct ablation studies to investigate the
role of each component in our proposed method.

4.1. Experimental Setup

4.1.1 Datasets.

Following common UDA protocols [45, 63, 66, 69], our ex-
periments are conducted on two widely-used UDA bench-
marks, i.e., GTAV → Cityscapes and SYNTHIA →
Cityscapes. The target datasets Cityscapes [14] is a real
urban scene dataset composed of 2,975 training and 500
validation samples, with 19 semantic classes. The source
datasets GTAV [56] and SYNTHIA [57] contains 24,966
and 9,400 synthetic training samples, respectively. The
former GTAV [56] is a synthetic dataset rendered by the
gaming engine Grand Theft Auto V (GTAV). The latter
SYNTHIA is another synthetic dataset that has semantically
compatible annotations with Cityscapes. We use the same
19 classes as Cityscapes for GTAV [56], and 13 of the 19
classes for SYNTHIA [57].

4.1.2 Implementation Details.

Following common UDA protocols [37, 63, 66, 78, 92], we
adopt the widely used Deeplabv2 [6] framework with a
ResNet101 [26] backbone as our model. The backbone
is pre-trained on ImageNet [16] . Following the common
practice [6], we use the “poly” learning weight decay and
the power is set to 0.9. SGD optimizer is implemented with
weight decay 5×10−4 and momentum 0.9. The base learn-
ing rate values are set to 2.5 × 10−4 and 2.5 × 10−3 for



Table 1. Comparison results (mIoU) from GTAV to Cityscapes.
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FADA [67] ECCV’20 92.5 47.5 85.1 37.6 32.8 33.4 33.8 18.4 85.3 37.7 83.5 63.2 39.7 87.5 32.9 47.8 1.6 34.9 39.5 49.2
LDR [77] ECCV’20 90.8 41.4 84.7 35.1 27.5 31.2 38.0 32.8 85.6 42.1 84.9 59.6 34.4 85.0 42.8 52.7 3.4 30.9 38.1 49.5
CCM [33] ECCV’20 93.5 57.6 84.6 39.3 24.1 25.2 35.0 17.3 85.0 40.6 86.5 58.7 28.7 85.8 49.0 56.4 5.4 31.9 43.2 49.9
ASA [90] TIP’21 89.2 27.8 81.3 25.3 22.7 28.7 36.5 19.6 83.8 31.4 77.1 59.2 29.8 84.3 33.2 45.6 16.9 34.5 30.8 45.1

CLAN [44] TPAMI’21 88.7 35.5 80.3 27.5 25.0 29.3 36.4 28.1 84.5 37.0 76.6 58.4 29.7 81.2 38.8 40.9 5.6 32.9 28.8 45.5
DAST [82] AAAI’21 92.2 49.0 84.3 36.5 28.9 33.9 38.8 28.4 84.9 41.6 83.2 60.0 28.7 87.2 45.0 45.3 7.4 33.8 32.8 49.6
BiMaL [62] ICCV’21 91.2 39.6 82.7 29.4 25.2 29.6 34.3 25.5 85.4 44.0 80.8 59.7 30.4 86.6 38.5 47.6 1.2 34.0 36.8 47.3

Ours - 93.7 60.4 86.5 41.1 32.0 37.3 38.7 38.6 87.2 43.0 85.5 65.4 35.1 88.3 41.8 51.6 0.0 38.0 52.1 53.5

Table 2. Comparison results (mIoU) from SYNTHIA to Cityscapes.
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Source Only - 36.3 14.6 68.8 5.6 9.1 69.0 79.4 52.5 11.3 49.8 9.5 11.0 20.7 29.5
BDL [37] CVPR’19 86.0 46.7 80.3 14.1 11.6 79.2 81.3 54.1 27.9 73.7 42.2 25.7 45.3 51.4

IntraDA [52] CVPR’20 84.3 37.7 79.5 9.2 8.4 80.0 84.1 57.2 23.0 78.0 38.1 20.3 36.5 48.9
LTIR [29] CVPR’20 92.6 53.2 79.2 1.6 7.5 78.6 84.4 52.6 20.0 82.1 34.8 14.6 39.4 49.3
SIM [69] CVPR’20 83.0 44.0 80.3 17.1 15.8 80.5 81.8 59.9 33.1 70.2 37.3 28.5 45.8 52.1
FDA [81] CVPR’20 79.3 35.0 73.2 19.9 24.0 61.7 82.6 61.4 31.1 83.9 40.8 38.4 51.1 52.5

CrCDA [28] ECCV’20 86.2 44.9 79.5 9.4 11.8 78.6 86.5 57.2 26.1 76.8 39.9 21.5 32.1 50.0
WLabel [53] ECCV’20 92.0 53.5 80.9 3.8 6.0 81.6 84.4 60.8 24.4 80.5 39.0 26.0 41.7 51.9
CCM [33] ECCV’20 79.6 36.4 80.6 22.4 14.9 81.8 77.4 56.8 25.9 80.7 45.3 29.9 52.0 52.9
LDR [77] ECCV’20 85.1 44.5 81.0 16.4 15.2 80.1 84.8 59.4 31.9 73.2 41.0 32.6 44.7 53.1

CLAN [44] TPAMI’21 82.7 37.2 81.5 17.1 13.1 81.2 83.3 55.5 22.1 76.6 30.1 23.5 30.7 48.8
ASA [90] TIP’21 91.2 48.5 80.4 5.5 5.2 79.5 83.6 56.4 21.9 80.3 36.2 20.0 32.9 49.3

DAST [82] AAAI’21 87.1 44.5 82.3 13.9 13.1 81.6 86.0 60.3 25.1 83.1 40.1 24.4 40.5 52.5
BiMaL [62] ICCV’21 92.8 51.5 81.5 17.6 15.9 82.4 84.6 55.9 22.3 85.7 44.5 24.6 38.8 53.7

Ours - 79.4 45.3 83.3 24.7 29.6 68.9 87.5 63.1 33.8 87.0 51.0 32.1 52.1 56.8

backbone network parameters and others, respectively. The
temperature τ is set to 0.1, and the positive threshold δ is set
to 0.75. Following [37,63,66,78,92], the source images are
scaled to 1280 × 720 for GTAV and 1280 × 760 for SYN-
THIA, and the target images are resized to 512×1024 in the
training. Then, both the source images and target images are
randomly cropped to 512× 512. In addition, we also apply
Color jittering and Gaussian blurring on the mixed images
following [61]. The projector Fproj is constructed by two
1 × 1 consecutive convolutions (2048 hidden layer chan-
nels and 128 output channels) with one intermediate ReLU
layer. λ = 1 and µ(t) = 0.01 ∗ e(−5(1−t/tmax)

0.5) for the
loss function. We use batchsize = 2 for 250k iterations in
all experiments.

4.2. Comparison to State-of-the-Art Methods

We compare our method with the state-of-the-art UDA
methods on two common UDA benchmarks. We report the

results of GTAV [56]→ Cityscapes [14] in Table 1 and the
results of SYNTHIA [57] → Cityscapes [14] in Table 2,
respectively. We use the mean of class-wise Intersection-
over-Union (mIoU) as the evaluation metric, and measure
the performance on the validation set of Cityscapes.

As shown in these two tables, our proposed RCCR
method outperforms the state-of-the-art approaches by
3% ∼ 6% on two challenging tasks. It also surpasses the
baseline (“Source Only”) by around 20% and 27%, respec-
tively. Specifically, we obtain a 53.5% mIoU on GTAV [56]
and achieve the best per-class IoU performance for 11
classes among the total 19 classes. For SYNTHIA [57]
dataset, we observe a 56.8% mIoU and get the best per-class
IoU in 9 classes among the total 13 classes. These results re-
veal the effectiveness of our RCCR among different classes,
e.g., building, traffic light, traffic sign, person, rider, car, and
etc. Most recent methods incorporate many sophisticated
sub-components, e.g., computationally involved adversarial
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Figure 3. Qualitative segmentation results in the GTAV [56] to Cityscapes [14] benchmark. From left to right: target image, ground truth,
source-only prediction, and predictions using our method.

training [44,45,52,63,69], image translation [27,29,37,77,
81], offline self-training [37, 46, 48, 58, 91, 92], which are
quite complex and hard to converge, and cannot be trained
in an end-to-end manner. In contrast, our proposed method
is simple yet effective, and fully end-to-end trainable.

Figure 3 visualizes some segmentation results in the
GTAV→ Cityscapes (19 classes) set-up. The four columns
plot (a) RGB input images of the target domain, (b) ground
truth of the target image, (c) the predictions of “Source
Only” baseline, and (d) the predictions of our RCCR. As



Table 3. Ablations of each component in RCCR from SYNTHIA
to Cityscapes. RWC: region-wise contrastive loss; NS(R): random
sampling for negative samples; NS(C): category-wise sampling for
negative samples; PS: positive sampling; MB: memory bank.

ID RWC NS(R) NS(C) PS MB mIoU
baseline 54.8

I X 55.3
II X X 55.6
III X X X 56.0
IV X X X X 56.3
V X X X X X 56.8

we can see from the figure, due to the lack of regional con-
sistency, the baseline tends to incorrectly classify some cat-
egories e.g., the road as sidewalk or terrain, and produces
some false predictions on some sophisticated classes, e.g.,
traffic sign. With the help of our proposed approach, we
manage to produce correct predictions at a high level of con-
fidence.

4.3. Ablation Study

In this section, we perform the ablation study to in-
vestigate each role of our RCCR components, including
the region-wise contrastive (RWC) loss, random sampling
(NS(R)) and category-wise sampling (NS(C)) for nega-
tive samples, sampling strategies for positive samples (PS),
and memory bank (MB). As shown in Table 3, with our
proposed RWC loss, we reach the state-of-the-art perfor-
mance of 55.3% mIoU, showing the effectiveness of region-
level alignment under different environments, and the care-
fully designed projector can actually extract useful fea-
ture embeddings while preserving the necessary informa-
tion for segmentation tasks. When taking the different sam-
pling strategies into account, we find the gradual and non-
marginal improvements by 0.3% ∼ 0.4%, which reveals
that combining the category information derived from the
label or target segmentation output can lead to a more pow-
erful contrastive learning scheme. By default, we take the
memory bank to store the negative samples created from
the last three batches, and this mechanism makes further
improvement by 0.5 points.

5. Conclusion

In this paper, we proposed regional contrastive consis-
tency regularization (RCCR) for domain adaptive seman-
tic segmentation. By maximizing the inter-region differ-
ences and minimizing intra-region disagreements, we could
effectively keep the regional consistency in a fine-grained
manner, i.e., feature space and label space, regardless of
the changing of outdoor environments. Firstly, a region-
wise contrastive (RWC) loss with two sampling strategies

is proposed to realize efficient regional consistency. Then,
we introduce momentum projector heads, where the teacher
projector is the exponential moving average of the student.
Besides, we design a memory bank mechanism to learn
more robust and stable region-wise features under varying
environments. Experimental results on the two challenging
benchmark datasets show that our RCCR achieves the state-
of-the-art UDA segmentation performance.
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