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Figure 1. Motivation: self-training with the biased model. (a) Given the training sample of the target domain, the model biased toward

easy-to-transfer classes generates (b) the pseudo-label without hard-to-transfer classes, such as sidewalk , fence , and sign . (c) The ground

truth label is shown for visibility. However, the proposed method pastes several classes from the source domain to (d) the target domain

video frames and (e) pseudo-labels. (f) The model trained on the biased pseudo-labels cannot detect the sign and confused the sidewalk

with fence and terrain in the test sample. (g) The model trained with our method detects the classes better and is less noisy in the hard-to-

transfer classes.

Abstract

The network trained for domain adaptation is prone to
bias toward the easy-to-transfer classes. Since the ground
truth label on the target domain is unavailable during train-
ing, the bias problem leads to skewed predictions, forgetting
to predict hard-to-transfer classes. To address this problem,
we propose Cross-domain Moving Object Mixing (CMOM)
that cuts several objects, including hard-to-transfer classes,
in the source domain video clip and pastes them into the
target domain video clip. Unlike image-level domain adap-
tation, the temporal context should be maintained to mix
moving objects in two different videos. Therefore, we de-
sign CMOM to mix with consecutive video frames, so that
unrealistic movements are not occurring. We additionally
propose Feature Alignment with Temporal Context (FATC)
to enhance target domain feature discriminability. FATC ex-
ploits the robust source domain features, which are trained
with ground truth labels, to learn discriminative target do-
main features in an unsupervised manner by filtering unre-
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liable predictions with temporal consensus. We demonstrate
the effectiveness of the proposed approaches through exten-
sive experiments. In particular, our model reaches mIoU of
53.81% on VIPER → Cityscapes-Seq benchmark and mIoU
of 56.31% on SYNTHIA-Seq → Cityscapes-Seq benchmark,
surpassing the state-of-the-art methods by large margins.

1. Introduction
Video semantic segmentation, a task of classifying every

pixel in every video frame [1, 15, 20, 37], is a fundamental

problem in machine vision. Training the segmentation net-

work requires extensive pixel-level annotated data, which

costs expensive human labor. On the other hand, advances

in computer technology have made it possible to create per-

fectly annotated synthetic datasets [23, 24, 25]. However,

segmentation networks trained with synthetic data perform

poorly in the real world because of the domain gap.

To handle this issue, many studies of unsupervised

domain adaptation (UDA) have been proposed that im-

prove performance in the target domain without any an-
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notations [10, 22, 35, 36]. These were mainly progressed

in image-level, while some advances were recently stud-

ied with video data. DA-VSN [8] has taken a successful

first step in the domain adaptive video semantic segmenta-

tion (DAVSS) through adversarial training and intra-domain

temporal consistency regularization. TPS [34] applied self-

training for video, and Park et al. [27] used both adversar-

ial training and self-training. The mainly used approaches,

adversarial training and self-training, are well-known so-

lutions in image-level UDA, and they were effectively ex-

ploited by extending the promising solutions in image-level

to video data. In this paper, we further exploit the self-

training.

In UDA, the self-training on target domain is performed

by learning with pseudo-labels that are generated via seg-

mentation networks trained on the source domain. Here, the

segmentation networks would generate good quality of the

pseudo-labels for easy-to-transfer classes and vice versa.

That means, during self-training, the network will be biased

toward easy-to-transfer classes, forgetting to predict hard-

to-transfer classes. This problem is depicted in Figure 1.

Inspired by recent studies of UDA for image segmenta-

tion [29, 33], we design two advanced DAVSS methods to

address the bias problem in videos: Cross-domain Moving

Object Mixing (CMOM) and Feature Alignment with Tem-

poral Context (FATC).

The first contribution, CMOM, is a data augmentation

method that mixes moving objects in the source domain

and target domain. To do this, we can simply adopt the

image-level mixing approach [29]. However, this will break

the temporal context of the video, e.g., an object may sud-

denly disappear in the next frame or a new object may be

presented, making it an unrealistic video. To prevent this

problem, CMOM cuts the source domain moving objects

from the consecutive video frames and pastes them into the

target domain. The second contribution, FATC, is addition-

ally used to mitigate the bias problem during self-training.

FATC forces to generate discriminative features from tar-

get domain videos by reducing distances between robust

source features and semantically weak target domain fea-

tures. Here, we can also adopt the image-level alignment ap-

proach [33], but this cannot exploit a rich cue of the video:

we can predict the results of the current frame not only

from the current frame but also from the previous frame

by warping the results of the previous frame. Our FATC ef-

fectively exploits this cue by predicting the target domain

segmentation mask of the current frame twice and filtering

the noisy results. Then, the remained target domain features

are aligned with the source domain features, enabling the

network to learn discriminative and robust features in the

target domain without accurate ground truth labels.

With two proposed methods, we self-train a semantic

segmentation network, and we test on standard DAVSS

benchmarks. Our proposal achieves the state-of-the-arts

performances on both VIPER [23] → Cityscapes-Seq [4]

and SYNTHIA-Seq [25] → Cityscapes-Seq benchmarks,

showing the effectiveness of our framework. We also con-

duct extensive ablation studies to demonstrate that our ap-

proach facilitates the networks to learn the robust target do-

main features in videos.

2. Related Work
Video Semantic Segmentation (VSS). VSS is a prob-

lem that classifies all pixels in all video frames. The most

notable difference between VSS and image semantic seg-

mentation is that VSS can utilize the temporal context of

the video. Two primary goals are considered in utilizing

the temporal context, one for accurate predictions and the

other one for faster predictions [32]. The methods for ac-

curate predictions exploit richer information from multi-

frame contexts [5, 20]. On the other hand, the methods for

faster prediction save computation costs by reusing the fea-

tures extracted from the previous frame [26, 37]. Following

the previous DAVSS works [8, 34], we adopt ACCEL [15]

as a segmentation network. ACCEL modularized the net-

work for segmenting previous and current frames to strike

a balance between speed and accuracy, making trade-offs a

choice.

Domain Adaptive Semantic Segmentation. The ma-

chine learning algorithm optimizes the model on the train-

ing data assuming that the training data distribution and

the test data distribution are equal. If this assumption is

violated, the model performance drops drastically. The

goal of domain adaptation is to minimize this performance

drop [10]. The most popular methods in unsupervised do-

main adaptation (UDA) for semantic segmentation are ad-

versarial learning [8, 10, 22, 30, 31] and self-training [13,

35, 36, 39]. Other techniques are also used for domain adap-

tation: aligning the feature representations of the two do-

mains [13, 28, 33]; augmenting data by changing the source

domain image to a target style [3, 18, 35] or mixing two dif-

ferent domain images [17, 29]; and entropy minimization in

the target domain [31].

Mixing Image Augmentation. Data augmentation with

mixing images are widely used in various image recogni-

tion tasks. ClassMix [21] uses the mixing mask generated

based on model prediction to create augmented images and

pseudo-labels for unlabeled images, and has proven its ef-

fectiveness in semi-supervised semantic segmentation task.

Ghiasi et al. [6] shows that a simple instance-level mixing

only with scale jittering is beneficial for instance segmen-

tation. Mixing techniques were also used in UDA [17, 29]

to address the bias problem [39] of self-training approach.
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Figure 2. Illustration of the proposed framework. Our framework is trained with two proposed methods based on self-training. (1)

CMOM generates the mixed domain data sample by mixing data samples from two domains. The mixed domain video frames, optical

flow, and pseudo-label replace the target domain data sample during the training process. (2) FATC reduces feature mismatch between the

generated mixed domain features and source domain features in the feature bank. The unreliable predictions are excluded by comparing

the predictions of the previous frame and the current frame. We train the model with three loss terms: source domain segmentation loss

Lsource, mixed domain segmentation loss Lself , and feature alignment loss Lfeature.

Since the pseudo-label is generated from the model’s pre-

diction, the model biased toward easy-to-transfer generates

the biased pseudo-labels. The mixing approaches address

the bias problem by pasting source domain data into the tar-

get domain. DACS [29] selects random classes from source

images and pastes corresponding pixels to target images.

Lee et al. [17] mix the tail class objects to further solve the

class imbalance problem. All of the image-level mixings,

however, have the drawback that they will break the tem-

poral context of the video by ignoring the movement of ob-

jects when they are applied to video. Our approach solves

the problem by cutting the source domain moving objects

from the consecutive video frames and pasting them into

the target domain.

Domain Adaptive Video Semantic Segmentation
(DAVSS). DAVSS was initially tackled by DA-VSN [8].

DAVSS research mainly focuses on extending image

domain adaptation strategies to video using temporal

information. For example, DA-VSN [8] uses a sequence of

predictions for adversarial learning and enforces consistent

prediction in consecutive frames in the target domain. Re-

cently, TPS [34] uses consistency learning between frames

in the target domain as the main strategy. Meanwhile,

Park et al. [27] conduct DAVSS on different architectures

and datasets from them, and use both adversarial learning

and self-training. Our work also uses self-training, and

we further consider the bias problem which has not been

explored with video data.

3. Methodology
3.1. Problem Formulation and Overview

Let S and T be the source and target domains. In the do-

main adaptive video semantic segmentation (DAVSS) set-

ting, the source domain video frames {xS

1:T }NS

n=1 with the

corresponding pixel-wise labels {yS1:T }NS

n=1 and the unla-

beled target domain video frames {xT

1:T }NT

n=1 are given. T
is the length of the video, and NS and NT denotes the

number of video samples in the source and target datasets,

respectively. To exploit temporal information, we adopt

FlowNet [14] to produce the source and target domain opti-

cal flows oSt−τ→t and oTt−τ→t from time t − τ to t, respec-

tively. In this paper, we further consider the domain M, a

mixture of source and target domains [29].

The overall framework is illustrated in Figure 2. Our

framework focuses on the self-training based DAVSS with

two proposed methods: Cross-domain Moving Object Mix-

ing (CMOM) and Feature Alignment with Temporal Con-

text (FATC). At each iteration, source domain video frames

{xS
t−τ , x

S
t}, source domain optical flow oSt−τ→t, mixed do-

main video frames {xM
t−τ , x

M
t }, and mixed domain opti-

cal flow oMt−τ→t enter the our video semantic segmentation

(VSS) network. Our network makes source and mixed do-

main predictions, pSt and pMt at time t. The frame-level pre-

dictions of each domain p∗t , p∗t−τ are used to generate a clip-

level prediction p∗t,t−τ with the score fusion module [15].

For training the network, we provide supervision to both

source and mixed domains, ySt and ŷMt . All mixed domain
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Figure 3. Illustration of CMOM. CMOM randomly selects some

classes in source domain and cuts them from two consecutive

frames. Then, they are pasted into target domain. In order to main-

tain the temporal context of a video, we create a mask with the

same classes in all frames constituting the video and mix not only

the RGB frame but also the optical flow. The last row shows the

mixing mask in red for visibility.

samples are produced by our proposed CMOM. In the fea-

ture space, our FATC excludes noisy features by exploiting

the temporal consensus and enhances target domain feature

discriminability.

3.2. Cross-Domain Moving Object Mixing

Our method focuses on the self-training. When training

the network for DAVSS, due to the absence of the ground

truth target labels {yT1:T }NT

n=1, the network tends to be biased

toward easy-to-transfer classes and forget hard-to-transfer

classes. Therefore, the model hard to generate pseudo-labels

with hard-to-transfer classes. In the domain adaptive image

semantic segmentation, DACS [29] alleviates this problem

with a cut-and-paste data augmentation strategy between

the source and target domain. DACS data augmentation is

formulated as

xM = M � xS + (1−M)� xT,

ŷM = M � yS + (1−M)� ŷT,
(1)

where M is the pixel selection mask of randomly selected

classes, and � is the pointwise product. xS, xT, and xM are

the source, target, and mixed domain images, respectively.

yS, ŷT, and ŷM are the source ground truth label, target

pseudo-label, and mixed domain pseudo-label, respectively.

Inspired by [29], we propose a novel data augmentation

method CMOM that cuts several objects, including hard-

to-transfer classes, in the source domain video clip and

pastes them into the target domain video clip. Unlike image-

level domain adaptation, the temporal context should be

maintained to mix moving objects in two different videos.

Therefore, we design CMOM to mix with consecutive video

frames, so that unrealistic movements are not occurring.

The process of CMOM is illustrated in Figure 3. We first

randomly select three-quarters of the classes that exist in the

current source domain label ySt . Secondly, we create binary

masks {Mt,Mt−τ} in which the class pixels selected from

the source video labels {ySt , ySt−τ} are 1 and the remain-

ders are 0. Using the masks, the mixed domain video frames

{xM
t−τ , x

M
t }, pseudo-label ŷMt , and optical flow oMt−τ→t are

generated by using the following equations:

xM

t−τ = Mt−τ � xS

t−τ + (1−Mt−τ )� xT

t−τ ,

xM

t = Mt � xS

t + (1−Mt)� xT

t ,

ŷMt = Mt � ySt + (1−Mt)� ŷTt ,

oMt−τ→t = Mt−τ � oSt−τ→t + (1−Mt−τ )� oTt−τ→t.

(2)

In this work, we set the τ to 1, and the target pseudo-

labels {ŷT1:T }NT

n=1 are obtained by using the pre-trained DA-

VSN model [8] and IAST pseudo-label policy [19] before

the self-training phase. This is due to the stability of the net-

work, and they can be replaced by any pre-trained DAVSS

model and pseudo-label policy.

This simple data augmentation method gives us sev-

eral advantages. First, CMOM provides supervision of all

classes, addressing the problem of forgetting to predict

hard-to-transfer classes due to bias. In addition, the incor-

rect pseudo-labels generated by erroneous predictions are

alleviated by mixing ground truth labels. It helps to over-

come the drawbacks of self-training with biased pseudo-

labels. Another advantage is that the temporal context of

the video is maintained, which can be easily damaged by the

naive image-level approach. To maintain the context, we se-

lected the same object in both frames and mixed the optical

flow; the movement of each object is accessible with a sharp

optical flow. Lastly, CMOM is data augmentation for videos

with low computational cost and simplicity. In order to use

image-level adaptation strategies in the video, the method

must be applied to all frames. Therefore, approaches that

require much computation are burdensome to be used in the

video. CMOM does not require much computation and can

be used easily. We reported the computational cost in abla-

tion experiments.

CMOM is used as target domain data augmentation in

our paper. In other words, the mixed domain video frames

xM and pseudo-labels ŷM are used instead of xT and ŷT in

the training process.

3.3. Feature Alignment with Temporal Context

Although CMOM helps to enhance the target feature

quality by providing supervision of all classes in the mixed

domain, the discriminability of the target domain is not as

good as that of a fully-supervised trained source domain.

In this section, we propose Feature Alignment with Tem-

poral Context (FATC) for enhancing the discriminability
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of the target domain. FATC exploits the robust source do-

main features, which are trained with ground truth labels, to

learn discriminative target domain features in an unsuper-

vised manner by filtering unreliable predictions with tem-

poral consensus.

Here, we focus on that there are several recent works

that focus on the feature alignment for domain adaptive im-

age semantic segmentation [13, 28, 33], and we can adopt

image-level alignment approach to FATC. However, image-

level approach cannot exploit a rich cue of the video: we

can predict the results of the current frame not only from the

current frame but also from the previous frame by warping

the results of the previous frame. Focusing on this point, we

extend the image-level feature alignment [33] to the DAVSS

by performing the feature denoising process.

Our FATC is illustrated in Figure 4. The feature denois-

ing process of FATC excludes noisy features using the tem-

poral context of the video clip. We cannot filter only correct

predictions from target domains without ground truth la-

bels, but we can exclude obvious incorrect predictions with

video frames. Each video frame is strongly correlated and

the corresponding pixel should be predicted to be the same

class for the frames. In other words, a consistent prediction

between two frames does not guarantee correct answers, but

different predictions across frames are always inaccurate.

We check this temporal correspondence to detect and ex-

clude noisy features. Using the optical flow oMt−τ→t, we

warp {pMt−τ , f
M
t−τ} to {p̃Mt−τ , f̃

M
t−τ}, where fM,c

t indicates

the features of each class c, pMt is the predictions, and f̃M
t−τ

and p̃Mt−τ are the warped features and predictions from time

t − τ to t, respectively. Then, we generate the class-wise

valid region binary mask vM,c
t by comparing pMt and p̃Mt−τ :

vM,c
t = C(pMt , p̃

M

t−τ ),

V M,c
t = {vM,c1

t , vM,c2
t , ..., vM,ck

t } = T (vM,c
t ).

(3)

Here, C is a class-wise mask generating function that

returns 1 for pixels where pMt = c and pMt = p̃Mt−τ ; and 0
for otherwise pixels, for c ∈ C. Also, T is the disconnection

detection operator to generate instance-wise features that

only works for ‘things’ classes [33], and k is the number

of instance-wise masks in the corresponding class. Then,

the feature centroid in the mixed domain FM,c
t is calculated

as follows:

FM,ck
t =

∑
vM,ck
t fM

t∑
vM,ck
t

. (4)

On the other hand, the ground truth labels for the source

domain are available. Therefore we exclude features from

misclassified pixels using Y S, as in [33].

vS,ct = C(pSt , y
S

t ),

V S,c
t = {vS,c1t , vS,c2t , ..., vS,ckt } = T (vS,ct ).

(5)

Source domain

…

… Source domain 
features

Building

Fence

Person
enqueued

… Mixed domain 
features

Building
Road

Person

Building

Fence

Person

Road

Road
Fence

feature bank

Figure 4. Illustration of FATC. Feature alignment reduces the

mismatch of the features from the two domains. The generated

source domain features are stored in the feature bank. The loss

function compares each feature in the mixed domain prediction

with the closest one in the bank. The noisy features are filtered

out by comparing with the ground truth label or warped previous

frame prediction in the source or mixed domain, respectively.

Then, the feature centroid in the source domain FS,c
t is cal-

culated by the same method as the mixed domain.

FS,ck
t =

∑
vS,ckt fS

t∑
vS,ckt

. (6)

Finally, we can adopt image-level feature alignment

method [33] to align the denoised source and mixed do-

main features in the feature space; create a feature bank that

stores FS,cj , and then align FM,ci to features in the bank.

The feature bank has a fixed size for each class, and the old-

est feature is emitted whenever a new FS,c is generated. The

mixed domain foreground features generate the loss with

the closest FS,cj in the bank, and i and j are the indexes

of each feature sample. The loss for feature alignment is L1

loss formulated as:

Lfeature =
∑

i

min
j

‖FM,ci
t −FS,cj

t ‖1
k

. (7)

3.4. Training

The overall training objective is defined as Eq. (8), where

λ controls the balance between the loss terms. Lsource and

Lself are the supervised loss defined through standard cross

entropy loss for the source and mixed domain, respectively.

L = Lsource + λMLself + λfeatureLfeature. (8)
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VIPER → Cityscapes-Seq
Methods Adv. ST road side. buil. fence light sign vege. terr. sky pers. car truck bus mot. bike mIoU

Im
ag

e

Source only 56.7 18.7 78.7 6.0 22.0 15.6 81.6 18.3 80.4 59.9 66.3 4.5 16.8 20.4 10.3 37.1

AdvEnt [31] � 78.5 31.0 81.5 22.1 29.2 26.6 81.8 13.7 80.5 58.3 64.0 6.9 38.4 4.6 1.3 41.2

CBST [39] � 48.1 20.2 84.8 12.0 20.6 19.2 83.8 18.4 84.9 59.2 71.5 3.2 38.0 23.8 37.7 41.7

IDA [22] � 78.7 33.9 82.3 22.7 28.5 26.7 82.5 15.6 79.7 58.1 64.2 6.4 41.2 6.2 3.1 42.0

CRST [38] � 56.0 23.1 82.1 11.6 18.7 17.2 85.5 17.5 82.3 60.8 73.6 3.6 38.9 30.5 35.0 42.4

SVMin [7] � � 51.1 14.3 80.8 11.9 30.9 23.1 83.5 37.7 74.5 59.5 79.7 36.4 53.2 20.0 4.2 44.1

CrCDA [12] � 78.1 33.3 82.2 21.3 29.1 26.8 82.9 28.5 80.7 59.0 73.8 16.5 41.4 7.8 2.5 44.3

RDA [11] � 72.0 25.9 80.8 15.1 27.2 20.3 82.6 31.4 82.2 56.3 75.5 22.8 48.3 19.1 6.7 44.4

FDA [35] � 70.3 27.7 81.3 17.6 25.8 20.0 83.7 31.3 82.9 57.1 72.2 22.4 49.0 17.2 7.5 44.4

V
id

eo

DA-VSN [8] � 86.8 36.7 83.5 22.9 30.2 27.7 83.6 26.7 80.3 60.0 79.1 20.3 47.2 21.2 11.4 47.8

TPS [34] � 82.4 36.9 79.5 9.0 26.3 29.4 78.5 28.2 81.8 61.2 80.2 39.8 40.3 28.5 31.7 48.9

Ours � 89.0 53.8 86.8 31.0 32.5 47.3 85.6 25.1 80.4 65.1 79.3 21.6 43.4 25.7 40.6 53.8

Table 1. Quantitative comparisons on VIPER → Cityscapes-Seq. Results are expressed in per-class IoU and mIoU scores. Our method

achieved the highest IoU in most classes, and a significant update to the mIoU compared with the state-of-the-art methods. Image: the

methods originally proposed for domain adaptive image semantic segmentation. These studies were re-experimented in a structure for

video segmentation. Video: the methods proposed for domain adaptive video semantic segmentation. Adv.: Domain adaptation methods

based on adversarial training. ST: self-training.

SYNTHIA-Seq → Cityscapes-Seq
Methods Adv. ST road side. buil. pole light sign vege. sky pers. rider car mIoU

Im
ag

e

Source only 56.3 26.6 75.6 25.5 5.7 15.6 71.0 58.5 41.7 17.1 27.9 38.3

AdvEnt [31] � 85.7 21.3 70.9 21.8 4.8 15.3 59.5 62.4 46.8 16.3 64.6 42.7

CBST [39] � 64.1 30.5 78.2 28.9 14.3 21.3 75.8 62.6 46.9 20.2 33.9 43.3

IDA [22] � 87.0 23.2 71.3 22.1 4.1 14.9 58.8 67.5 45.2 17.0 73.4 44.0

CRST [38] � 70.4 31.4 79.1 27.6 11.5 20.7 78.0 67.2 49.5 17.1 39.6 44.7

SVMin [7] � � 84.9 0.5 77.9 29.6 7.4 15.0 78.6 73.2 46.9 6.2 73.8 44.9

CrCDA [12] � 86.5 26.3 74.8 24.5 5.0 15.5 63.5 64.4 46.0 15.8 72.8 45.0

RDA [11] � 84.7 26.4 73.9 23.8 7.1 18.6 66.7 68.0 48.6 9.3 68.8 45.1

FDA [35] � 84.1 32.8 67.6 28.1 5.5 20.3 61.1 64.8 43.1 19.0 70.6 45.2

V
id

eo

DA-VSN [8] � 89.4 31.0 77.4 26.1 9.1 20.4 75.4 74.6 42.9 16.1 82.4 49.5

TPS [34] � 91.2 53.7 74.9 24.6 17.9 39.3 68.1 59.7 57.2 20.3 84.5 53.8

Ours � 90.4 39.2 82.3 30.2 16.3 29.6 83.2 84.9 59.3 19.7 84.3 56.3

Table 2. Quantitative comparisons on SYNTHIA-Seq → Cityscapes-Seq.

4. Experiments

4.1. Setup

Architecture. Following the previous works for domain

adaptive video segmentation [8, 34], we use ACCEL [15]

architecture for video semantic segmentation. The architec-

ture consists of two segmentation branches, an optical flow

estimation module, and a score fusion module. Each seg-

mentation branch is designed with ResNet-101 [9] back-

bone and DeepLab [2] classification head to obtain single-

frame prediction. The optical flow estimation module and

score fusion module are used to combine each single-frame

level prediction into video-level prediction. FlowNet [14] is

used as the optical flow estimation module, and the score

fusion module is a single 1× 1 convolutional layer.

Datasets. Following [8] and [34], we use VIPER [23],

SYNTHIA-Seq [25], and Cityscapes-Seq [4] datasets for

benchmarking. Cityscapes-Seq is a benchmark set consist-

ing of 5000 video clips captured from real streets. This set

is split into 2975, 500, and 1525 clips for training, valida-

tion, and testing, respectively. Each video clip consists of 30

frames, and the ground truth label is provided only in a sin-

gle frame (20th frame). VIPER is a synthetic dataset gener-

ated with the game ‘Grand Theft Auto V’. VIPER contains

134K video frames and corresponding segmentation labels.

SYNTHIA-Seq is another synthetic dataset containing 8000

frames and corresponding segmentation labels.

Evaluation Protocols. Following the previous DAVSS

methods [8, 34], we measure the Intersection over Union

(IoU) score on the validation set of Cityscapes-Seq. IoU
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Figure 5. Qualitative result. We compare our qualitative results with other state-of-the-art methods. The models are trained over VIPER

→ Cityscapes-Seq benchmark. Since the ground truth of Cityscapes-Seq is provided only one frame per 30 frames, we show the same

ground truth at time t for all frames.

score is measured for common classes of the source and tar-

get domain for evaluation. 15 common classes are selected

for VIPER to Cityscapes-Seq task, and 11 common classes

are selected for SYNTHIA-Seq to Cityscapes-Seq task.

Training Details. To train our network, We use an SGD

optimizer with a momentum of 0.9 and weight decay of

5× 10−4. The initial learning rate was set to 5× 10−4 and

decreased according to the polynomial decay with a power

of 0.9. We trained our network for 40K iterations. The bal-

ancing parameters in Eq. (8) are set to λM = 1, λfeature =
0.01. The feature bank size is set to 50. Our model is ini-

tialized with the pretrained model of DA-VSN [8] and then

we start to self-train. For self-training, we generate pseudo-

labels offline with our proposed methods and IAST [19]

policy that adjusts the threshold of the prediction score for

each class and each image. The pseudo-label hyperparame-

ters of IAST [19] are set to α = 0.2, β = 0.9, γ = 8.

4.2. Comparison with State-of-the-art

In Tables 1 and 2, we compare our framework with

the state-of-the-art methods on VIPER → Cityscapes-Seq

and SYNTHIA-Seq → Cityscapes-Seq benchmarks. To our

best knowledge, DA-VSN [8] and TPS [34] are the only

works, published after peer review, that study domain adap-

tive video semantic segmentation on the same architec-

tures and datasets as ours. We compare the performance of

the proposed method with these baselines and with multi-

ple domain adaptive image segmentation baselines [7, 11,

12, 22, 31, 35, 38, 39]. These baselines are based on var-

ious strategies: adversarial training [7, 12, 22, 31], self-

training [7, 11, 35, 38, 39], and data augmentation [11, 35].

All methods were tested on the same architecture for video

segmentation. As shown in Table 1, our framework, the

model trained with CMOM and FATC, achieved mIoU of

53.81% and outperforms all baselines by a large margin. In

addition, as shown in Table 2, we achieve the best perfor-
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VIPER → Cityscapes-Seq
Method ST CMOM FATC mIoU

Baseline 47.85

Only Self-Training � 49.89

with CMOM � � 53.72

with FATC � � 50.86

Ours � � � 53.81

(a) Ablation study on loss functions. ST: self-training

Learning time
Method w/o CMOM w/ CMOM

Time (s/iter) 2.031 2.087

(b) Ablation study on learning time with CMOM.

VIPER → Cityscapes-Seq
Mix Class Things Stuffs Movable Stationary All

mIoU 52.07 52.86 52.54 53.28 53.81

(c) CMOM mixing contents.

VIPER → Cityscapes-Seq
Mix ratio 0% 25% 50% 75% 100%

mIoU 50.86 53.12 53.59 53.81 40.98

(d) CMOM mixing ratio.

VIPER →
Cityscapes-Seq

SYNTHIA-Seq →
Cityscapes-Seq

Method TPS +Ours Gain TPS +Ours Gain

mIoU 48.9 53.9 +5.0 53.8 58.8 +5.0

(e) Complementary study on TPS [34].
Table 3. Ablation Experiments.

mance with mIoU of 56.31%, surpassing all baselines on

SYNTHIA-Seq → Cityscapes-Seq scenario. Our work sig-

nificantly outperforms state-of-the-art methods in both sce-

narios, demonstrating the effectiveness of our approach.

In addition, we present qualitative comparisons with the

state-of-the-art methods in Figure 5. As shown in the quali-

tative results, DA-VSN [8] and TPS [34] cannot accurately

predict hard-to-transfer classes, i.e., signs (denoted in yel-

low boxes) and fences (denoted in white boxes), while our

approach shows good results. Furthermore, we can observe

that our results seem less noisy than the other methods.

4.3. Ablation Experiments

We present several ablation experiments to demonstrate

the effectiveness of our method. In this section, we tested

on VIPER → Cityscapes-Seq benchmark unless mentioned

otherwise.

Computational costs of CMOM. To show the computa-

tional cost of CMOM, we measure the training time with

and without CMOM. The results are summarized in Ta-

ble 3b. Compared to “without CMOM”, only 2.8% (=
2.087/2.031 − 1) of learning time is additionally required

for training with CMOM. Therefore, CMOM does not re-

quire much computation but it is effective in training.

Loss Functions. We ablate the proposed loss functions,

and the results are given in Table 3a. As shown in the ta-

ble, naively training with simple pseudo-labels achieves a

performance improvement marginally (+2.04%). With ei-

ther CMOM or FATC, we surpass the simple self-training

approach. Furthermore, we achieve significant performance

improvement from baseline with both CMOM and FATC by

5.96%.

Mixing Ratio. In Table 3d, we present experimental re-

sults with various mixing ratios. We conduct the exper-

iments with mixing ratios of 0%, 25%, 50%, 75%, and

100%. Note that the mixed data at mixing ratios of 0% and

100% are the same as target and source data, respectively.

As shown in Table 3d, we empirically find that the mixing

ratio of 75% achieves the best performance. In addition, the

experimental results of mixing ratio 25%, 50%, and 75%

are significantly improved compared to performance with-

out mixing and achieved similar performance. This means

that our approach is valid regardless of the mixing ratio.

Mixing Contents. Things (e.g., person, sign) and stuff

(e.g., road, sidewalk) are well-known categories in panoptic

segmentation [16]. However, in the context of moving ob-
ject mixing, several classes are movable (e.g., person, car)

while others are stationary (e.g., light, sign). In this study,

we perform CMOM with things, stuff, movable, or station-

ary classes. The results are given in Table 3c. Interestingly,

we find that mixing with all classes achieves the best per-

formance. We conjuncture that every class has movement

in the video clip because the data has been collected from

moving camera, so every class can be considered movable.

Complementary Study. Table 3e shows the performance

of our framework built on TPS [34]. As a result of the ex-

periment, our approach boosted the performance of TPS by

+5.0 mIoU in both benchmarks. Experimental results show

that our approach is not limited to a specific framework and

is well generalized.

5. Conclusion
In this paper, we introduce a novel DAVSS framework.

The proposed CMOM and FATC effectively address the

bias problem which is caused by self-training in videos.

We demonstrate the effectiveness of the proposed methods

with comparison experiments and extensive ablation stud-

ies on VIPER → Cityscapes-Seq and SYNTHIA-Seq →
Cityscapes-Seq benchmarks. We believe that our motivation

and insight in this paper can be an essential step to address-

ing the problem caused by self-training in videos.
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