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Abstract

Domain adaptive semantic segmentation aims to learn
a model with the supervision of source domain data, and
produce satisfactory dense predictions on unlabeled target
domain. One popular solution to this challenging task is
self-training, which selects high-scoring predictions on tar-
get samples as pseudo labels for training. However, the
produced pseudo labels often contain much noise because
the model is biased to source domain as well as majority
categories. To address the above issues, we propose to di-
rectly explore the intrinsic pixel distributions of target do-
main data, instead of heavily relying on the source domain.
Specifically, we simultaneously cluster pixels and rectify
pseudo labels with the obtained cluster assignments. This
process is done in an online fashion so that pseudo labels
could co-evolve with the segmentation model without extra
training rounds. To overcome the class imbalance problem
on long-tailed categories, we employ a distribution align-
ment technique to enforce the marginal class distribution of
cluster assignments to be close to that of pseudo labels. The
proposed method, namely Class-balanced Pixel-level Self-
Labeling (CPSL), improves the segmentation performance
on target domain over state-of-the-arts by a large margin,
especially on long-tailed categories. The source code is
available at https://github.com/1slrh/CPSL.

1. Introduction

Semantic segmentation is a fundamental computer vision
task, which aims to make dense semantic-level predictions
on images [8,27,28,43,53]. Itis a key step in numerous ap-
plications, including autonomous driving, human-machine
interaction, and augmented reality, to name a few. In the
past few years, the rapid development of deep Convolu-
tional Neural Networks (CNN5s) has boosted semantic seg-
mentation significantly in terms of accuracy and efficiency.
However, the performance of deep models trained in one
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domain often drops largely when they are applied to un-
seen domains. For example, in autonomous driving the seg-
mentation model is confronted with great challenges when
weather conditions are changing constantly [56]. A natural
way to improve the generalization ability of segmentation
model is to collect data from as many scenarios as possible.
However, it is very costly to annotate pixel-wise labels for
a large amount of images [11]. More effective and practi-
cal approaches are required to address the domain shifts of
semantic segmentation.

Unsupervised Domain Adaptation (UDA) provides an
important way to transfer the knowledge learned from one
labeled source domain to another unlabeled target domain.
For example, we can collect many synthetic data whose
dense annotations are easy to get by using game engines
such as GTAS [36] and SYNTHIA [37]. Then the ques-
tion turns to how to adapt the model trained from a labeled
synthetic domain to an unlabeled real image domain. Most
previous works of UDA bridge the domain gap by align-
ing data distributions at the image level [17,25, 33], feature
level [7,17,18,24] or output level [29,32,39], through ad-
versarial training or auxiliary style transfer networks. How-
ever, these techniques will increase the model complexity
and make the training process unstable, which impedes their
reproducibility and robustness.

Another important approach is self-training [52, 56, 57],
which alternatively generates pseudo labels by selecting
high-scoring predictions on target domain and provides su-
pervision for the next round of training. Though these
methods have produced promising performance, there are
still some major limitations. On one hand, the segmenta-
tion model tends to be biased to source domain so that the
pseudo labels produced on target domain are error-prone;
on the other hand, highly-confident predictions may only
provide very limited supervision information for the model
training. To solve these issues, some methods [50,51] have
been proposed to produce more accurate and informative
pseudo labels. For example, instead of using the classi-
fier trained on source domain to generate pseudo labels,
Zhang et al. [51] assigned pseudo labels to pixels based on
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their distances to the category prototypes. These prototypes,
however, were built in source domain and usually deviated
much from the target domain. ProDA [50] leveraged the
feature distances from prototypes to perform online recti-
fication, but it was challenging to construct prototypes for
long-tailed categories, which often led to unsatisfactory per-
formance.

Different from previous self-training methods which use
classifier-based noisy pseudo labels for supervision, in this
paper we propose to perform online pixel-level self-labeling
via clustering on target domain, and use the resulting soft
cluster assignments to correct pseudo labels. Our idea
comes from the fact that pixel-wise cluster assignments
could reveal the intrinsic distributions of pixels in target
domain, and provide useful supervision for model training.
Compared to conventional label generation methods that are
often biased towards source domain, cluster assignment in
target domain is more reliable as it explores inherent data
distribution. Considering that the classes of segmentation
dataset are highly imbalanced (please refer to Fig. 2), we
employ a distribution alignment technique to enforce the
class distribution of cluster assignments to be close to that of
pseudo labels, which is more favorable to class-imbalanced
dense prediction tasks. The proposed Class-balanced Pixel-
level Self-Labeling (CPSL) module works in a plug-and-
play fashion, which could be seamlessly incorporated into
existing self-training framework for UDA. The major con-
tributions of this work are summarized as follows:

e A pixel-level self-labeling module is developed for do-
main adaptive semantic segmentation. We cluster pixels
in an online fashion and simultaneously rectify pseudo la-
bels based on the resulting cluster assignments.

e A distribution alignment technique is introduced to align
the class distribution of cluster assignments to that of
pseudo labels, aiming to improve the performance over
long-tailed categories. A class-balanced sampling strat-
egy is adopted to avoid the dominance of majority cate-
gories in pseudo label generation.

e Extensive experiments demonstrate that the proposed
CPSL module improves the segmentation performance
on target domain over state-of-the-arts by a large mar-
gin. It especially shows outstanding results on long-tailed
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classes such as “motorbike”, “train”, “light”, efc.

2. Related Work

Semantic Segmentation. The goal of semantic segmen-
tation is to segment an image into regions of different se-
mantic categories. While the Fully Convolutional Networks
(FCNs) [28] have greatly boosted the performance of se-
mantic segmentation, they have relatively small receptive
field to explore visual context. Many later works focus on

how to enlarge the receptive field of FCNs to model long-
range context dependencies of images, such as dilated con-
volution [8], multi-layer feature fusion [27], spatial pyramid
pooling [53] and variants of non-local blocks [15,20, 22].
However, directly applying these models to unseen domains
will induce poor segmentation performance because of their
weak generalization ability. Therefore, many domain adap-
tation techniques have been proposed to improve model
generalization ability on new domains.

Domain Adaptation for Semantic Segmentation. Re-
cently, many works have been proposed to bridge the
domain gap and improve the adaptation performance. The
most representative ones are adversarial training-based
methods [19, 23, 34, 39, 40], which aim to align different
domains on intermediate features or network predictions.
Style transfer-based methods [6, 9, 10, 44, 48] minimize
domain gap at the image level. For example, Chang et
al. [6] proposed to disentangle an image into domain-
invariant structures and domain-specific textures for image
translation. The training process of these models is rather
complex since multiple networks, such as discriminators or
style transfer networks, have to be trained concurrently.

Another important technique for UDA is self-
training [24, 26, 32,51, 55, 57], which iteratively generates
pseudo labels on target data for model update. Zou et
al. [55] proposed a class-balanced self-training method for
domain adaption of semantic segmentation. To reduce the
noise in pseudo labels, Zou er al. [57] further proposed
a confidence regularized self-training method, which
treated pseudo labels as trainable latent variables. Lian et
al. [26] constructed a pyramid curriculum for exploring
various properties about the target domain. Zhang et
al. [51] enforced category-aware feature alignment by
choosing the prototypes of source domain as guided
anchors. ProDA [50] went further by employing the feature
distances from each pixel to prototypes to correct pseudo
labels pre-computed by the source model. These methods,
however, neglect either the pixel-wise intrinsic structures or
inherent class distribution of target domain images, tending
to be biased to source domain or majority classes.

Clustering-based Representation Learning. Our work is
also related to clustering-based methods [2—4,21,45-47,54,
58]. Caron et al. [4] iteratively performed k-means on latent
representations and used the produced cluster assignments
to update network parameters. Recently, Asano et al. [3]
cast the cluster assignment problem as an optimal transport
problem which can be solved efficiently through a fast vari-
ant of the Sinkhorn-Knopp algorithm. SwAV [5] performed
clustering while enforcing consistency among the cluster
assignments of different augmentations of the same image.
In this paper, we extend self-labeling from image-level clas-
sification to pixel-level semantic segmentation. In addition,
different from Asano et al. [3] and Caron et al. [4], we com-
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Figure 1. The framework of Class-balanced Pixel-level Self-Labeling (CPSL). The model contains a main segmentation network fsgg and
its momentum-updated version figc. The f&gc is followed by a self-labeling head fs1, and its momentum version f&;,, which projects
pixel-wise feature embedding into a class probability vector. The pixel-level self-labeling module produces soft cluster assignment Psy, to
gradually rectify soft pseudo label Ps. Then the segmentation loss L is computed between the prediction map P and the rectified
pseudo label Y. To train the self-labeling head, we randomly sample pixels from each image, and use the memory bank M, which
contains previous batches of pixel features, to augment the current batch. Then we compute the optimal transport assignment (Qqug Over
the augmented data by enforcing class balance, and use the assignment of current batch Q... to compute the self-labeling loss Lsr..

pute cluster assignments in an online fashion, making our
method scalable to dense pixel-wise prediction tasks.

3. Method
3.1. Overall Framework

In the setting of unsupervised domain adaptation for se-
mantic segmentation, we are provided with a set of labeled
data in source domain Dg = {(X$,V;*)}Ns,, where X?
is the source image with label Y,” and Ng is the number of
images, as well as a set of N7 unlabeled images X/ in tar-
get domain Dy = { X} }2* . Both domains share the same
C classes. Our goal is to learn a model by using the labeled
source data in Dg and unlabeled target data in Dy, which
could perform well on unseen test data in the target domain.

The overall framework of our proposed CPSL is shown
in Fig. 1. We propose a pixel-level self-labeling mod-
ule (highlighted in the green color box) to explore the in-
trinsic pixel-wise distributions of the target domain data
via clustering, and to reduce the noise in pseudo labels.
Before the training, we first generate a soft pseudo label
map Psr € REXWXC for each target domain image by a
warmed-up model that is pre-trained on the source domain
data. The obtained Pgr is usually error-prone because of
the large domain shift. Therefore, in the training process,
we rectify Pgr incrementally with the soft cluster assign-
ment, denoted by Psy, € RT*W*C Specifically, the recti-
fication of Pst is conducted as follows:

Y;,lgc) _ 17 lfC = arggm:c(PéiTZM : PS<”C[?Z)7L,1) 7 (1)

' 0, otherwise

where er ;§C> denotes the c-th element of rectified pseudo la-

bel at the i-th pixel of target image X7.. PSfL ZL , Tepresents
the probability that the i-th pixel of X/ belongs to the cx-
th category. Eq. | has a similar formulation to [35, 38, 50],
where Psy, can be regarded as the weight map to modu-
late the softmax probability map Psr. The cluster assign-
ment Pgy, exploits the inherent data distribution of target do-
main, thus it is highly complementary to the classifier-based
pseudo label Pgt which heavily relies on source domain.

We define the segmentation loss on target domain, de-
noted by Ly, as the pixel-level cross-entropy loss be-
tween the segmentation probability map P, € RZxWxC
and the rectified pseudo label Y;? of target image X :

Lipe = Z Z Z)}rf,’gc) logpy(;i)- 2
1

In addition, the loss on source domain, denoted by Lip .,
can be defined as the standard pixel-wise cross-entropy on
the labeled images:

Ns HxW C

Lipa=—>_ > Y ¥ D 0g P 3)

n=1 i=1 c=1

Then the total segmentation loss Lggg is obtained as the
sum of them: Lspg = Lipa + Lipg-

In the following subsections, we will explain in detail the
design of our CPSL module.
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Figure 2. The class distribution of the Cityscapes dataset.

3.2. Online Pixel-Level Self-Labeling

Pixel-Level Self-Labeling.  Conventional self-training
based methods usually use a model pre-trained on source
domain to produce pseudo labels, which often contain much
noise [51,55,57]. To clean the pseudo labels, we propose to
perform pixel-level self-labeling via clustering on target do-
main and use the obtained cluster assignments to rectify the
pseudo labels. The basic motivation is that pixel-wise clus-
tering could reveal the intrinsic structures of target domain
data, and it is complementary to the classifier trained on
source domain data. Thus, cluster assignments could pro-
vide extra supervision for training a domain adaptive seg-
mentation model.

Specifically, we first extract features from an input image
to obtain Z € RE*XW*D and normalize it with z; = m,
where z; is the i-th feature vector of Z with length D. Then
we randomly sample a group of pixels Z = [z1,- - , 2]
from each image, and pass them through a self-labeling
head fsr,. Finally, we obtain their class probability vectors
P= [p1,- -, pa] by taking a softmax operation:

(c)
pgﬁ)z exp( SL( )) ,cE{l,-~-,C}, (4)

S exp(L £S5 (2m)

where fqr (©) (zm) is the c-th element of the output of z,, from

self-labeling head. p(c) denotes the probability that the m-th
pixel belongs to the c-th category. T is a temperature param-
eter. Considering there is no ground truth label available for
target data, we train the head fsr, through a self-labeling
mechanism [3] with the following objective function:

Lsu=—7; Z Zq(” logply) s.t.QeQ, )
m=1c=1

with Q:={Q € RY*M|Q1y =7,Q"1c = h}.
The above formula is an instance of the optimal transport

problem [13], where @ = +:[q1,-- ,qu] is a transport
assignment and it is restricted to be a probability matrix by

satisfying the constraint Q. 1< and 1j; denote the vectors
of ones with dimension C' and M, respectively.  and h are
the marginal projections of @) onto its rows and columns,
respectively.

By formulating the cluster assignment problem as an op-
timal transport problem, the optimization of Eq. 5 with re-
spect to variable @) can be solved efficiently by the iterative
Sinkhorn-Knopp algorithm [13]. The optimal solution is
obtained by:

Q* = diag(a) exp( fSLE(Z) ) diag(3), (6)

where o« € R and 3 € RM are two renormalization vec-
tors which can be computed efficiently in linear time even
for dense prediction tasks. ¢ is a temperature parameter.
Then by fixing label assignment (), the self-labeling
head fgr, is updated by minimizing Lgy, with respect to P,
which is the same as training with cross-entropy loss.

Weight Initialization. We use the soft cluster assignment
Pgy, to rectify the classifier-based pseudo label Pgr. How-
ever, the clustering categories usually mismatch those of the
classifier, resulting in performance degradation. To over-
come this issue, we initialize the weight of self-labeling
head fg, with category prototypes. Specifically, we com-
pute the prototypes [z1, - - - , Z¢] for each category through:

Np HxW

Z Z STnz 2y (7)

c
||n111

NI

where |T'.| denotes the number of pixels belonging to the
c-th category in all images. Ygr is the hard version of Pgr.
Then the self-labeling process can be regarded as assigning
pixels to different prototypes. In this way, the clustering
categories are able to match classification categories.

Online Cluster Assignment. Different from Asano et
al. [3], where the assignment @ is computed over the full
dataset, we conduct online clustering on data batches dur-
ing training. Considering that the number of samples in a
mini-batch is often too small to cover all categories, and the
class distribution varies largely across different batches, we
augment the features Z with a memory bank M, which is
updated on-the-fly, to reduce the randomness of sampling.
Specifically, throughout the training process, we maintain
a queue of 65,536 pixel features from previous batches in
M. In each iteration, we compute the optimal transport as-
signment on the augmented data Z,,4, denoted by Qgug,
but only the assignment of current batch, denoted by Q.
is used to compute the self-labeling loss Lgr,. In this way,
we could alternatively update the self-labeling head fsr, and
use it to generate more accurate cluster assignment Pgy, on-
line. Hence, the pseudo labels will be improved incremen-
tally by the resulting cluster assignments, and the noise will
be gradually reduced without extra rounds of training.
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3.3. Class-Balanced Self-Labeling

As shown in Fig. 2, there exists severe class-imbalance in
current semantic segmentation datasets. Some long-tailed
classes have very limited pixels (e.g., “traffic light”, “sign”),
and some classes only appear in a few images (e.g., “mo-
torbike”, “train”). Such a problem will make it difficult
to train a robust segmentation model, especially for those
long-tailed classes. In this work, we propose two techniques
to address this issue, i.e., class-balanced sampling and dis-
tribution alignment.

Class-Balanced Sampling. We randomly sample pixels
from each image, which makes the class distribution of data
in memory bank M approach to that of the whole dataset.
In order to make sure that the pixels of long-tailed cate-
gories can be selected equally, we sample from different
categories with the same proportion, i.e., HJ;IW, where M
is the number of pixels to be sampled in each image. For
each input image X/, we first compute its class distribution
0., through

1 9 c
08 = > Vi 8)

where (55{2) denotes the proportion of pixels belonging to the
c-th category in image X/ . Then the number of samples
M., for each category c is decided by:

M, = LM x 5,<LC>J . 9)

If image X! does not contain certain classes of pixels, we
will randomly sample the rest pixels from other categories
to make up M samples.

Distribution Alignment. As discussed in [3,4], simultane-
ously optimizing () and Pin Eq. 5 may lead to degenerated
results that all data points are trivially assigned to a single
cluster. To avoid this, Asano et al. [3] constrained that )
should induce an equipartition of the data. However, this
constraint is not reasonable and it will degrade the perfor-
mance if the ground truth class distribution of the data, de-
noted by 4, is not uniform. In the Cityscapes dataset [11],
for example, the number of pixels of the largest category
(“road”) is approximately 300 times that of the smallest cat-
egory (“motorbike”).

To overcome this problem, we propose a novel tech-
nique, namely distribution alignment, to align the distribu-
tion of cluster assignments to ground truth class distribution
d4t, aiming at partitioning pixels into subsets of unequal
sizes. However, 04 is unknown since the true labels of tar-
get domain data are unavailable. Thus we propose to em-
ploy the moving average of pseudo labels’ class distribution
dpseudo tO approximate d4. Specifically, we first initialize

dpseudo based on the fixed pseudo labels YStT as follows:

1 Nr HxW
(e) _ t,(c)
5pseudo|0 - Ny x Hx W ; ; YSTJIJ' (10)

Over the course of training, we compute the class distribu-
tion ¢,, of each image through Eq. 8. Then the class distri-
bution dpseqydo after each training iteration & is updated with
a momentum « € [0, 1]:

5(0)

pseudo | k

= ad®®

pseudo

o1+ (1 —a)d®. 1)

Finally, we enforce the class distribution of cluster assign-
ments, denoted by r in Eq. 5, to be close t0 dpscudo:

1
r= 5pseud0a h= M]-M- (12)

Our empirical results (please refer to Fig. 6) demon-
strate that the proposed distribution alignment technique ef-
fectively avoids the dominance of majority classes during
training. Please refer to Sec. 4.3 for more discussions.

3.4. Loss Function

As shown in Fig. 1, we employ momentum encoder to
stabilize the self-labeling process. To further improve the
model generalization ability on target domain and alleviate
the bias inherited from source domain, following [1, 50],
we impose consistency regularization on the segmentation
network. Specifically, we generate a weakly-augmented
image X,, and a strongly-augmented image X, from the
same input image X, and pass X,, through the momentum
segmentation network fin to generate a probability map
P,,, which is used to supervise the output P of strongly-
augmented image X from fsgg. Then we enforce P, and
P, to be consistent via:

Np HxW
»CREG = Z Z (ZKL (Pw,n,iy Ps,n,i) +€KL (Ps,n,iy Pw,n,i)) 5

n=1 i=1 (13)
where (i1, denotes the KL-divergence. P, ; and Py p;
represent the i-th pixel of the segmentation probability
maps P; and P, of image X,,, respectively.
The overall loss function is defined as:

Lrotarn = Lsea + M Lst + A LrEc, (14)

where \; and A, are trade-off parameters. Lgp, and Lrrg
are complementary to each other. The former uses pixel-
level cluster assignment Pgsp, to rectify the pseudo label
Pst, which effectively dilutes the bias to source domain,
while the latter improves model generalization ability by
applying data augmentations on inputs and consistency reg-
ularization on outputs.
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Method E 3 2 § & 2 & B 2 E Z R £ 3 & 2 F B 2 mou
AdaptSeg [39] | 86.5 25.9 79.8 22.1 20.0 23.6 33.1 21.8 81.8 259 759 573 262 763 29.8 32.1 72 29.5 325|414
CyCADA [17] 867 35.6 80.1 19.8 17.5 380 39.9 41.5 827 279 73.6 649 190 650 12.0 286 4.5 31.1 420 | 427
ADVENT [41] | 89.4 33.1 81.0 26.6 268 27.2 33.5 247 839 367 788 587 30.5 848 385 445 1.7 31.6 324 | 455
CBST[56] |91.8 53.5 80.5 327 21.0 340 289 204 839 342 80.9 53.1 240 827 303 359 160 259 428 | 459
FADA [42] [92.5 47.5 851 37.6 32.8 33.4 338 184 853 37.7 835 63.2 39.7 875 329 47.8 1.6 349 39.5| 49.2
CAG.UDA [51]]90.4 51.6 83.8 342 27.8 384 253 484 854 382 781 586 34.6 847 219 427 411 293 372 | 50.2
FDA [48]  |925 533 824 26.5 27.6 364 40.6 389 823 39.8 780 62.6 344 849 341 53.1 169 27.7 464 | 50.5

PIT[30] |87.5 434 788 312 302 363 393 420 792 37.1 79.3 654 37.5 832 46.0 456 257 235 49.9 | 50.6
IAST[31] |93.8 57.8 85.1 395 267 262 43.1 347 849 329 88.0 62.6 29.0 87.3 392 49.6 232 347 396 | 51.5
ProDA [50] | 91.5 524 829 42.0 357 400 444 433 87.0 438 79.5 66.5 31.4 867 411 525 00 454 538 | 537
CPSL (ours) |91.7 52.9 83.6 43.0 323 437 513 428 854 37.6 8L.1 69.5 30.0 88.1 44.1 59.9 249 47.2 484 | 55.7
ProDA-+distill | 87.8 56.0 79.7 463 44.8 456 53.5 53.5 88.6 452 82.1 70.7 39.2 888 455 594 1.0 489 564 | 57.5
CPSL+distill |92.3 59.9 84.9 457 297 528 615 59.5 879 415 850 73.0 355 90.4 487 739 263 538 539 | 60.8

Table 1. Experimental results on the GTAS5 — Cityscapes adaptation task. The top score is highlighted in bold font.
2 Y s 5
= = S =1 & z 3 @ g I}

Method é '%; B ER TLO;. E‘) 'g‘) g Z 2 '%é E 2 g Z  moU® mlou's
AdaptSeg[39] | 792 372 788 - - - 99 105 782 80.5 535 196 670 295 216 313 | 459 -
ADVENT [41] | 85.6 422 797 87 04 259 54 81 804 841 579 238 733 364 142 330 | 480 | 412
CBST[56] |680 299 763 108 14 339 228 295 776 783 60.6 283 816 235 188 398 | 489 | 426
CAG_UDA[51] | 847 408 817 7.8 00 351 133 227 845 77.6 642 278 809 197 227 483 | 515 | 445

PIT[30] |83.1 276 815 89 03 218 264 338 764 788 642 27.6 79.6 312 310 313 | 518 | 440
FADA[42] [845 40.1 83.1 48 00 343 201 272 848 840 535 226 854 437 268 278 | 525 | 452

FDA[48] |793 350 732 - - - 199 240 617 826 614 3L1 839 408 384 5L | 525 -
PyCDA[26] [755 309 833 208 07 327 273 335 847 850 641 254 850 452 212 320 | 533 | 467

IAST[31] [81.9 415 833 177 46 323 309 288 834 850 655 308 865 382 33.1 527 | 57.0 | 4938

SAC[I] [893 472 855 265 13 43.0 455 320 87.1 893 636 254 869 356 304 530 | 593 | 526
ProDA[50] | 87.1 440 832 269 07 420 458 342 867 813 684 221 877 500 314 386 | 585 | 519
CPSL (ours) |87.3 444 838 250 04 429 47.5 324 865 833 69.6 29.1 894 521 426 541 | 617 | 544
ProDA+distill | 87.8 457 846 37.1 0.6 440 546 370 881 844 742 243 882 5L1 405 456 | 620 | 555
CPSL+distill | 872 439 855 336 03 477 574 372 878 885 79.0 320 90.6 494 508 598 | 653 | 57.9

Table 2. Experimental results on the SYNTHIA — Cityscapes adaptation task. The top score is highlighted in bold font.

4. Experiments
4.1. Experimental Settings

Implementation Details. We implement the segmentation
model with DeepLabv2 [8] and employ ResNet-101 [16]
as the backbone, which is pre-trained on ImageNet. The
segmentation model is warmed up by applying adversarial
training like [39]. The input images are randomly cropped
to 896x512, and the batch size is set as 4. We employ a
series of data augmentations such as RandAugment [12],
Cutout [14], CutMix [49], and add photometric noise, in-
cluding color jitter, random blur, ezc. SGDM is used as the
optimizer. The initial learning rate of segmentation model
and self-labeling head are set to 10~* and 5 x 10—, which
decay exponentially with power 0.9. The weight decay and
momentum are set to 2 x 10~* and 0.9, respectively. The
trade-off parameters A;, A2 and the temperature parameters
T, € are empirically set to 0.1, 5, 0.08, and 0.05, respec-
tively. The length of memory bank is set to 65,536 and
we sample 512 pixels per image for clustering (M = 512),
that is, there are 128 images in the memory bank. For the
momentum networks, the momentum is set to 0.999. Our
model is trained with four Tesla V100 GPUs on PyTorch.

Datasets. Following [31, 51, 52], we adopt two synthetic
datasets (GTAS [36], SYNTHIA [37]) and one real dataset
(Cityscapes [11]) in the experiments. The GTAS dataset

contains 24,966 images with resolution 1914x1052. The
corresponding dense annotations are generated by game en-
gine. The SYNTHIA dataset contains 9,400 images of
1280x760 pixels and it has 16 common categories with
Cityscapes, which contains 2,975 training images and 500
validation images of resolution 2048 x 1024.

4.2. Comparisons with State-of-the-Arts

We name the proposed method as Class-balanced Pixel-
level Self-Labeling (CPSL). Following [50], after the train-
ing converges, we also conduct two more knowledge distil-
lation rounds to transfer the knowledge to a student model
pre-trained in a self-supervised manner, and the resulting
model is called “CPSL+distill”. We compare our models
with representative and state-of-the-art methods, which can
be categorized to two main groups: adversarial training-
based methods, including AdaptSeg [39], CyCADA [17],
FADA [42], ADVENT [41], and self-training based meth-
ods, including CBST [55], IAST [31], CAG_UDA [51],
ProDA [50], SAC [1]. Following previous works, the re-
sults on validation set are reported in terms of category-wise
Intersection over Union (IoU) and mean IoU (mloU).
GTA5—Cityscapes. The results on GTA5—Cityscapes
task are reported in Tab. 1. Our CPSL achieves the best
IoU score on 7 out of 19 categories, and it achieves the
highest mloU score, outperforming the second best method
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Figure 3. Qualitative results of our method and ProDA [50] on the GTA5—Cityscapes task.
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Table 4. The influence of
the number of samples per
image on performance.

Table 3. Ablation studies on
the key components of our pro-
posed method.

ProDA [50] by a large margin of 2.0. This can be attributed
to the exploration of inherent data distribution of target do-
main, which provides extra supervision for training. By
applying knowledge distillation, there is a further perfor-
mance gain of 5.1, achieving 60.8 mloU, which is by far the
new state-of-the-art. It is worth mentioning that our method
performs especially well on long-tailed categories, such as
“pole”, “light”, “train”, and “motor”. For example, ProDA
fails on the small class “train” due to the difficulties in con-
structing prototypes for long-tailed categories. By applying
distribution alignment, CPSL alleviates the class-imbalance
problem, attaining 24.9 IoU on “train” without sacrificing
the performance on other categories.
SYNTHIA—Cityscapes. This adaptation task is more
challenging than the previous one because of the large do-
main gap. The mloUs over 13 classes (mloU'?) and 16
classes (mloU'®) are reported in Tab. 2. Our model still
achieves significant improvements over competing methods
on this task. Specifically, CPSL achieves the mloU of 54.4
and 61.7 over 16 and 13 categories, surpassing the second
best method SAC [1] by 1.8 and 2.4, respectively. This owes
to the fact that CPSL reduces the label noise and calibrates
the bias to source domain. The results are further improved
to 57.9 and 65.3 in terms of mloU after distillation. Among
all the 16 categories, our method tops over six of them, es-
pecially on the hardest categories, such as “light”, “motor-
bike”, “bike”, and so on.

Qualitative Results. Fig. 3 shows the qualitative seg-

75
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‘
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Figure 4. The mloU and mean pixel accuracy (MPA) scores eval-
uated on the validation set with equal/unequal partition constraint.

mentation results of our method and ProDA [50] on
GTAS5—Cityscapes task. As can be seen, our method im-
proves the performance on long-tailed classes substantially,
e.g. “pole”, “light”, “bus”, thanks to the class-balanced sam-
pling and distribution alignment techniques. ProDA [50]
does not perform well on these categories since it does not
explicitly enforce class balance in training.

4.3. Discussions

Ablation Study. We conduct ablation studies on the
GTAS5—Cityscapes task to investigate the role of each com-
ponent in CPSL. For the convenience of expression, we
abbreviate ‘self-labeling’, ‘self-training’, ‘class balance’,
‘weight initialization’, ‘data augmentation’, and ‘momen-
tum encoder’ with ‘SL’, ‘ST’, ‘CB’, ‘Init’, ‘Aug’, ‘Mom’.
Tab. 3 shows the corresponding results by switching off
each component. We have the following observations.
First, removing the SL component leads to a drop of 7.9
in mloU, while disabling CB component leads to a drop
of 3.9 in mloU. This demonstrates they play key roles in
improving the segmentation performance by exploring the
intrinsic data structures of target domain images. Second,
training without the pseudo labels produced by ST causes
a significant drop of 16.3 in mloU. This is not surprising
because simultaneously updating network parameters and
generating pseudo labels will lead to a degenerate solu-
tion [50,51]. Third, randomly initializing the self-labeling
head (w/o Init) results in a decline of 5.8 in mloU, which is
attributed to the mismatch between clustering and classifi-
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Figure 5. The complementarity between label assignments produced by self-training (ST) and self-labeling (SL).
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Figure 6. The comparisons of class distributions on Cityscapes
dataset. ‘GT’ denotes the ground truth class distribution. ‘ST’ and
‘CPSL’ denote the class distributions of pseudo labels produced
by self-training and class-balanced pixel-level self-labeling.

cation categories. Fourth, Aug and Mom components bring
an improvement of 1.7 and 1.1 in mloU.

Unequal Partition Constraint. To further analyze the ef-
fect of unequal partition on class-imbalanced dataset, we
plot the curves of mIoU and MPA scores with different par-
tition constraints in Fig. 4, where a huge gap can be ob-
served in terms of mloU. However, equal partition slightly
outperforms unequal partition in terms of MPA. This is
not surprising because many pixels belonging to large cate-
gories are assigned to small categories under the equal par-
tition constraint, largely improving pixel accuracy of small
classes without influencing much large classes. Thus the
MPA score is improved. More details can be found in the
supplemental files.

Self-Training (ST) vs. Self-Labeling (SL). We explore the
complementarity of label assignments produced by ST and
SL, and visualize the results in Fig. 5. One can draw a con-
clusion that the integration of ST and SL in our CPSL leads
to better results than any one of them. Specifically, ST per-
forms better on large categories which are easy to transfer,
such as “sky” and “building”, while SL has advantages on
small categories such as “light” and “pole”. Therefore, the

pixels that are wrongly classified in one view will be cor-
rected in another view.

The Effect of Distribution Alignment. We compare the
class distributions of labels produced by CPSL and conven-
tional self-training (ST). As illustrated in Fig. 6, the results
of ST mismatch heavily to ground truth (GT). Its predic-
tions are biased towards majority categories, e.g. ‘road’ and
‘building’, ignoring small categories such as ‘train’, ‘sign’
and ‘bike’. CPSL calibrates the bias and produces a class
distribution closer to GT. This demonstrates that CPSL can
capture the inherent class distribution of target domain and
avoids gradual dominance of majority classes.

Parameter Sensitivity Analysis. In Tab. 4, we evaluate
the segmentation performance on GTA5—Cityscapes task
with different number of samples per image. Our method is
robust to this parameter within a wide range. More analyses
can be found in supplemental materials.

Limitation. Although the proposed CPSL alleviates the
bias to source domain with the self-labeling assignment, it
still relies on the self-training based pseudo labels, which
may lead to confirmation bias. We consider to develop a
fully clustering-based assignment method in future works.

5. Conclusion

We proposed a plug-and-play module, namely Class-
balanced Pixel-level Self-Labeling (CPSL), which could be
seamlessly incorporated into self-training pipelines to im-
prove the domain adaptive semantic segmentation perfor-
mance. Specifically, we conducted pixel-level clustering
online and used the resulting cluster assignments to rectify
pseudo labels. On one hand, the label noise was reduced
and the bias to source domain was calibrated by exploring
pixel-level intrinsic structures of target domain images. On
the other hand, CPSL captured inherent class distribution
of target domain, which effectively avoided gradual domi-
nance of majority classes. Both the qualitative and quan-
titative analyses demonstrated that CPSL outperformed the
existing state-of-the-arts by a large margin. In particular,
it achieved great performance gains on long-tailed classes
without sacrificing the performance on other categories.
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