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Abstract

We study unsupervised domain adaptation (UDA) for se-
mantic segmentation. Currently, a popular UDA framework
lies in self-training which endows the model with two-fold
abilities: (i) learning reliable semantics from the labeled
images in the source domain, and (ii) adapting to the target
domain via generating pseudo labels on the unlabeled im-
ages. We find that, by decreasing/increasing the proportion
of training samples from the target domain, the ‘learning
ability’ is strengthened/weakened while the ‘adapting abil-
ity’ goes in the opposite direction, implying a conflict be-
tween these two abilities, especially for a single model. To
alleviate the issue, we propose a novel dual teacher-student
(DTS) framework and equip it with a bidirectional learn-
ing strategy. By increasing the proportion of target-domain
data, the second teacher-student model learns to ‘Focus
on Your Target’ while the first model is not affected. DTS
is easily plugged into existing self-training approaches.
In a standard UDA scenario (training on synthetic, la-
beled data and real, unlabeled data), DTS shows consis-
tent gains over the baselines and sets new state-of-the-art
results of 76.5% and 75.1% mIoUs on GTAv→Cityscapes
and SYNTHIA→Cityscapes, respectively. The implementa-
tion is available at https://github.com/xinyuehuo/DTS.

1. Introduction

Deep neural networks [28] have been proven effective in
learning from labeled, in-domain visual data, but their abil-
ity to adapt to unlabeled data or unknown domains is often
not guaranteed. We delve into this topic by studying the un-
supervised domain adaptation (UDA) problem for semantic
segmentation, where densely (pixel-wise) labeled data are
available for the source domain but only unlabeled images
are provided for the target domain. The setting is useful
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Figure 1. Segmentation results on a test image from Cityscapes
(the model is trained on GTAv). There are two traffic signs with
different styles, where Target A is similar to the training data in the
source domain while Target B is not. The baseline (DAFormer)
gradually improves the accuracy on Target A but achieves the best
accuracy on Target B in the midst (at 12K iterations). Our method,
DTS, achieves good accuracy for both targets and the trend is more
stable throughout the training process (see the curves).

in real-world applications where new domains emerge fre-
quently but annotating them is a major burden.

The state-of-the-art UDA approaches for semantic seg-
mentation are mostly built upon a self-training framework.
It first learns semantics from labeled data in the source do-
main and then generates pseudo labels in the target domain,
so that the model adapts to the target domain by fitting the
pseudo labels. Conceptually, the two steps of self-training
endow the model with two-fold abilities, namely, learning
knowledge (semantics) from the source domain and adapt-
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ing the knowledge to the target domain.
However, these two abilities can conflict with each other.

Figure 1 shows an example of two targets of the same class
(traffic sign), where Target A is close to the typical train-
ing samples in the source domain, while Target B has a
quite different appearance. Using the default setting of
DAFormer [19] (a UDA baseline), the recognition accu-
racy of Target A gradually increases while that of Target
B grows first but eventually drops to 0. Interestingly, if one
increases the proportion of training samples from the target
domain, the recognition quality of Target B will be better
while the recognition accuracy of some unexpected classes
(e.g., sidewalk) may drop significantly (more details and
examples can be found in the Appendix). The conflict sets
an obstacle to achieving higher UDA accuracy.

The above analysis prompts us to design a dual teacher-
student (DTS) framework. The key is to train two individual
models (with different network weights) so that the afore-
mentioned conflict is alleviated. DTS can be built upon
most existing self-training approaches in three steps: (1)
making two copies of the original teacher-student model,
(2) increasing the proportion of training data from the tar-
get domain in the second group, and (3) applying a bidirec-
tional learning strategy so that two models supervise each
other via pseudo labels. DTS allows the system to pursue
a stronger adapting ability (with the second model) mean-
while the learning ability (guaranteed by the first model) is
mostly unaffected.

We conduct semantic segmentation experiments with
the standard UDA setting. Two synthetic datasets with
dense labels, GTAv [38] and SYNTHIA [39], are used as
the source domains, and a real dataset with only images,
Cityscapes [6], is used as the target domain. We establish
the DTS framework upon three recent self-training base-
lines, namely, DAFormer [19], HRDA [20], and MIC [21].
DTS improves the segmentation accuracy in every single
trial, demonstrating its generalized ability across baselines
and datasets. In particular, when integrated with MIC,
the prior state-of-the-art, DTS reports 76.5% and 67.8%
mIoUs on GTAv→Cityscapes and SYNTHIA→Cityscapes,
respectively, setting new records for both benchmarks.

2. Related Work
Unsupervised domain adaptation (UDA), the task of

transferring semantics from labeled source domains to un-
labeled target domains, has been widely studied for many
computer vision fields, e.g., classification [33, 58, 51], ob-
ject detection [15, 24, 45], face recognition [25, 18, 43],
semantic segmentation [17, 60], etc.

We briefly review two representative UDA approaches
for semantic segmentation. Adversarial learning [47, 49]
reduces the gap between the source and target domains by
confusing a discriminator trained to judge which domain

the extracted visual features come from. It is closely re-
lated to style transfer methods [16, 55, 12, 56] that synthe-
size data to simulate the target domain. Self-training in-
stead generates pseudo labels for the unlabeled target im-
ages and fits the model accordingly. There is a specific
class of self-training methods [48, 10, 62] which further
bridge the domain gap by creating mixed images that cover
both domains [36, 1], inheriting benefits from style trans-
ferring. Many follow-up works [19, 20, 21], including this
paper, were based on the self-training framework. Besides
UDA, other data-efficient learning scenarios such as semi-
supervised [22, 40] and few-shot [31, 35] learning also
made use of self-training. Generating high-quality pseudo
labels is crucial for self-training. Researchers developed
various strategies, such as entropy minimization [4], class-
balanced training [30], consistency regularization [21], aux-
iliary task learning [23, 53], etc., for this purpose.

A fundamental concept in self-training is teacher-
student optimization.To boost the effect of teacher-student
optimization, efforts were made in generating high-quality
pseudo labels with stronger teacher models [46, 27, 29, 11]
and/or preventing error transmission from the teacher model
to the student model [26, 63, 22, 5]. There are also other im-
provements including using multiple student models [61],
designing a better loss function [11], etc. Another closely
related concept is co-training [37, 44], which facilitates
cross-view consistency with a teacher-student loss. The
idea of DTS is to alleviate the discrepancy between teacher
and student models from different groups with an indirect
consistency constraint.

3. Our Approach
We investigate the task of unsupervised domain adap-

tation (UDA) for semantic segmentation, where a la-
beled source domain S and an unlabeled target domain
T are available. We denote the source dataset as DS =
{(xS

n,y
S
n)}

NS
n=1, where xS

n is an image and yS
n is the corre-

sponding dense label map. The target dataset DT is another
set of images without labels, denoted as {(xT

n)}
NT
n=1. The

two domains share the same set of categories. The goal of
UDA is to train a segmentation network f(x;θ) that even-
tually works well in the target domain.

We first introduce a self-training baseline where a sin-
gle teacher-student framework is established (Section 3.1).
Then, we reveal a conflict when the model is facilitated to
focus on the target domain (Section 3.2), which drives us
to propose a dual teacher-student framework towards better
UDA performance (Section 3.3).

3.1. Single Teacher-Student Baseline

We start with a standard self-training (i.e., teacher-
student) baseline which trains a teacher model and a student
model denoted as f te(x;θte) and f st(x;θst), respectively.
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The teacher model is updated using the exponential moving
average (EMA) strategy [46]:

θte ← θte × λ+ θst × (1− λ), (1)

where λ is a constant coefficient which is often close to 1.
The student model is trained for segmentation in both the
source and target domains. For the source images, semantic
labels are available for supervised learning:

LS = LCE(f
st(xS),yS), (2)

where LCE denotes the pixel-wise cross-entropy loss. For
the target images, the teacher model is used to generate a
pseudo label ỹT for xT, and the pixel-wise loss function is
computed in a similar way:

LT = LCE(f
st(xT), ỹT). (3)

The overall loss is written as L = LS + LT. In practice,
a balancing mechanism is applied [48, 19]: all pixel-wise
loss terms computed on the target domain is multiplied by
a factor of γ, which is the proportion of the pseudo-label
confidence surpassing a given threshold, τ .

Recently, a series of methods [48, 19, 20, 21] validated
that introducing a mixed domain between the source and
target domains is helpful for domain adaptation. A typi-
cal operation is named ClassMix [36] which samples mixed
images by computing

x
⟨S,T⟩
i,j =M(xS

i ,x
T
j ) = xS

i ⊙MS
i + xT

j ⊙ (1−MS
i ), (4)

where ⟨S,T⟩ denotes a mixed domain, ⊙ is element-wise
multiplication, and MS is a mask generated by randomly a
few class-level masks from the yS. Accordingly, the target
domain in Eqn (3) and the overall loss is replaced with the
mixed domain. Note that pseudo labels are only computed
for the target portion of the mixed images – we refer the
reader to [36] for technical details.

3.2. Conflict between Learning and Adapting

Although domain mixing improves the accuracy of UDA
segmentation on several benchmarks, we observe that the
trained model is easily biased towards the source domain
and thus ignores the target domain to some extent. A typical
example is shown in Figure 1.

We conjecture that it is the ‘over-focus’ on the source
domain that prevents the model from achieving higher seg-
mentation accuracy. To reveal this, we revisit the working
mechanism of ClassMix. Compared to the original strategy
that directly generates pseudo labels on the target images,
ClassMix increases the proportion of data from the source
domain (in a default setting of Eqn (4), an average of half
target-domain pixels are replaced with source-domain pix-
els). This brings two differences. On the one hand, the

Label ⟨S,T⟩ ⟨T,T⟩ Supervised

w/ pseudo labels 68.3 67.2 –
(pseudo acc.) 64.9 64.2 –

w/ ground-truth 74.4 76.9 77.8
Table 1. UDA segmentation mIoU (%) using DAFormer [19] on
the GTAv→Cityscapes benchmark with different options. An
italic number indicates a result that uses target-domain labels. The
pseudo accuracy is computed on the training set of Cityscapes.

quality of pseudo labels is improved because part of them
are inherited from the labels in the source domain; on the
other hand, the focus on the target domain is weakened, in-
creasing the risk of domain adaptation.

The above analysis prompts us to perform the ‘Focus on
Your Target’ trail towards higher UDA accuracy. We re-
place the mixed domain of ClassMix, ⟨S,T⟩, with another
domain, ⟨T,T⟩, in which the mixed samples are generated
using two target images:

x
⟨T,T⟩
j1,j2

=M(xT
j1 ,x

T
j2) = xT

j1⊙M
T
j1+xT

j2⊙(1−M
T
j1), (5)

and the pseudo label is adjusted accordingly.
In Table 1, we run DAFormer [19] with either ⟨S,T⟩ or

⟨T,T⟩ for UDA segmentation on GTAv→Cityscapes. Com-
pared to ⟨S,T⟩, ⟨T,T⟩ achieves an inferior mIoU of 67.2%
(a 1.3% drop). But, interestingly, when ground-truth labels
are used for the mixed images, the mIoU surpasses the orig-
inal option by 2.5%, with merely a 0.9% mIoU lower than
the supervised baseline. In other words, ‘Focus on Your
Target’ improves the upper bound, but the models cannot
achieve the upper bound because the pseudo labels dete-
riorate: it is a side effect of decreasing the proportion of
training data from the source domain.

In summary, a strong algorithm for UDA shall be
equipped with two critical abilities: (i) learning reli-
able semantics from the source domain, and (ii) adapt-
ing the learned semantics to the target domain. How-
ever, in the above self-training framework where a single
teacher-student model is used, there seems a conflict be-
tween these two abilities, e.g., increasing the proportion
of target-domain data strengthens the ‘adapting ability’ but
weakens the ‘learning ability’, setting an obstacle to better
performance. In what follows, we offer a solution by train-
ing two teacher-student models simultaneously.

3.3. Dual Teacher-Student Framework

The proposed dual teacher-student (DTS) framework is
illustrated in Figure 2. We denote the models used in the
two teacher-student groups as f te

1 (x;θte
1 ), f st

1 (x;θst
1 ) and

f te
2 (x;θte

2 ), f st
2 (x;θst

2 ), respectively, where we use a sub-
script (1 or 2) to indicate the group ID. As described above,
we expect the first teacher-student model to stick to learn-
ing reliable semantics from the source domain, while the
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Figure 2. An illustration of the proposed DTS framework, where we use Setting B as an example. The left and right parts describe the
optimization of the first and second group models, respectively. The bottom-left part (in gray) corresponds to a single teacher-student
framework where ClassMix is used for domain mixing, and the top part (in purple) shows the bidirectional learning strategy, i.e., models
from the other group are used for pseudo label generation.
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Figure 3. An illustration of different combinations of training data.
We use magenta to represent source-domain patches and two types
of blue to represent target-domain patches from different images.
In practice, the images are not partitioned into regular grids, but
into semantic regions according to the (real or pseudo) labels.

second teacher-student model learns to ‘Focus on Your Tar-
get’ to enhance the adapting ability.

We achieve the goal by using different data proportions
for the two groups. An illustration is provided in Figure 3.
The first group remains the same as in the baseline, i.e., half
of the training samples are simply source images and an-
other half are ClassMix-ed images covering the source and
target domains. Using the previously defined notations, we
denote the combination as {S, ⟨S,T⟩}. To increase the pro-
portion of the target-domain data, we first change the mix-
ture of data from ⟨S,T⟩ to ⟨T,T⟩ (i.e., same as that used in
the ‘Focus on Your Target’ trial), and then replace the pure
source domain with ⟨S,T⟩. That said, we create two settings
for data combination, {S, ⟨T,T⟩} and {⟨S,T⟩, ⟨T,T⟩}. We
name them Setting A and Setting B of the second group

throughout the remainder of this paper. Intuitively, the pro-
portion of the target-domain data is increased from around
25% in the first group (as well as the baselines) to around
50%/75% using Setting A/Setting B in the second group.

There are two teacher models and two student models to
be optimized. We perform iterative optimization and pro-
pose a bidirectional learning strategy so that each teacher-
student model propagates information to the other by con-
tributing to the generation of pseudo labels. The detailed
training process is shown in Algorithm 1.

Note that, if f te
2,t(·) is not used in Step 2 (i.e., all pseudo

labels are generated using f te
1,t+1(·)), the information is only

propagated from the first teacher-student model to the sec-
ond one, hence the optimization strategy degenerates from
bidirectional to unidirectional. The advantage of the bidi-
rectional strategy and other design choices will be diag-
nosed in the experimental section.

3.4. Technical Details

Choosing the proper option for data combination. We
compute the averaged confidence of pseudo labels gener-
ated by the corresponding teacher models, f st

1 (·) and f te
2 (·).

Following [48, 19], γ is defined as the proportion of pixels
with the max class score surpassing a given threshold, τ .
For each training image x, we use γst

1 (x) and γte
2 (x) to de-

note the average γ values over all pixels when the teacher
models are f st

1 (·) and f te
2 (·), respectively. Then, we esti-

mate the chance that f te
2 (·) generates better pseudo labels

than f st
1 (·):

Prob = Ex∼DT
[
I(γte

2 (x) > γst
1 (x))

]
, (6)

19030



Algorithm 1: DTS: Dual Teacher-Student

Input : Source data {xS,yS}, target data {xT},
the total iteration number T;

1 repeat
2 Update f te

1,t+1(·) using the EMA of f st
1,t(·);

3 Get pseudo labels ỹT by f te
1,t+1(·) and f te

2,t(·);
4 Generate mixed data {x⟨S,T⟩,y⟨S,T⟩}, and train

f st
1,t+1(·) on {S, ⟨S,T⟩};

5 Update f te
2,t+1(·) using the EMA of f st

2,t(·);
6 Get pseudo labels ỹT by f st

1,t+1(·) and f te
2,t+1;

7 if Setting A: Generate data {x⟨T,T⟩,y⟨T,T⟩}, and
Train f st

2,t+1(·) on {S, ⟨T,T⟩};
8 if Setting B: Generate data

{x⟨S,T⟩,y⟨S,T⟩,x⟨T,T⟩,y⟨T,T⟩}, and train
f st
2,t+1(·) on them;

9 t← t+ 1;
10 until t = T;

Return: f st
2,T(·).

where I(·) is the indicator function that outputs 1 if the state-
ment is true and 0 otherwise. Note that the estimation is per-
formed individually for two training procedures using Set-
ting A and Setting B. Finally, we choose the setting with a
higher chance that f te

2 (·) is more confident because f st
2 (·)

is eventually used for inference. We shall see in Section 4.3
that this criterion always leads to the better choice.
Generating the mask. In the domain mixing operation,
we compute the mask M by choosing the class label of one
image. If the ⟨S,T⟩ is used, the source image with ground-
truth is chosen; if ⟨T,T⟩ is used, the image with a larger
average value of γ is chosen.
Generating pseudo labels. The details are slightly differ-
ent between Setting A and Setting B. When the batch size is
k, the number of target images used for the second group in
Setting A and Setting B are 2k and 3k, respectively. For Set-
ting A, k pseudo labels used are generated by f st

1,t+1(·) and
other k by f te

2,t+1(·). For Setting B, the 2k pseudo labels
used in ⟨T,T⟩ are generated by f st

1,t+1(·) and the k labels
used in ⟨S,T⟩ are generated by f te

2,t+1(·).

4. Experiments

4.1. Datasets and Settings

Datasets. We train the models on a labeled source domain
and an unlabeled target domain and test them on the target
domain. We follow the convention to set the source do-
main to be a synthesized dataset (either GTAv [38] which
contains 24,966 densely labeled training images at a reso-
lution of 1914 × 1052 or SYNTHIA [39] which contains
9,400 densely labeled training images at a resolution of

1280 × 760), and the target dataset to be a real dataset
(Cityscapes [6] where only the finely-annotated subset is
used, containing 2,975 training images and 500 validation
images at a resolution of 2048× 1024). Following the con-
vention to report the mean IoU (mIoU) over 19 classes when
GTAv is used as the source domain, and 13 or 16 classes
when SYNTHIA is the source domain.
Training details. Our framework is applied to differ-
ent self-training frameworks. Specifically, we follow the
DAFormer series [19, 20, 21] where the encoder is a MiT-
B5 model pre-trained on ImageNet-1K [7] and the decoder
involves a context-aware feature fusion module. We train
the framework on a single NVIDIA Tesla-V100 GPU for
40K iterations with a batch size of 2 for both groups. We use
an AdamW optimizer [34] with learning rates of 6 × 10−5

for the encoder and 6×10−4 for the decoder, a weight decay
of 0.01, and linear warm-up of the learning rate for the first
1.5K iterations. The input image size is always 512× 512.
During the training phase, we apply random rescaling and
cropping to the source and target data, as well as color jit-
tering and Gaussian blur as strong augmentations for the
mixed data. The EMA coefficient, λ, is set to be 0.999. The
pseudo-label confidence threshold, τ , is 0.968 as in [48].

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

We compare DTS to state-of-the-art UDA approaches on
the GTAv→Cityscapes and SYNTHIA→Cityscapes bench-
marks. Results are summarized in Table 2 and Table 3, re-
spectively. We establish DTS upon three recently published
works, namely, DAFormer [19], HRDA [20], and MIC [21].

DTS reports consistent gains in terms of segmentation
accuracy beyond all three baselines. On GTAv→Cityscapes
and SYNTHIA→Cityscapes (13 classes), the mIoU gains
over DAFormer, HRDA, MIC are 2.9%, 1.4%, 0.6% and
4.0%, 1.0%, 1.1% respectively. The gain generally be-
comes smaller when the baseline is stronger, which is as
expected. Specifically, when added to MIC, the previous
best approach, DTS achieves new records on these bench-
marks: a 76.5% mIoU on GTAv→Cityscapes and 67.8%
and 75.1% mIoUs on SYNTHIA→Cityscapes with 16 and
13 classes, respectively.
Comparison to FST. We compare DTS to another plug-
in approach, FST [8]. On DAFormer, the gains brought by
FST on the two benchmarks (SYNTHIA using 13 classes)
are 1.0% and 1.3%, while the numbers for DTS are 2.9%
and 4.0%, respectively. That said, besides the contribution
of FST that allows us to ‘learn from future’, the higher ac-
curacy also owes to the design of the DTS framework that
alleviates the conflict of learning and adapting.
Class-level analysis. We investigate which classes are
best improved by DTS. On GTAv→Cityscapes, we detect
two classes, sign and truck, on which the IoU gain on the
three baselines is always higher than the mIoU gain. In the
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AdaptSegNet [49] 86.5 36.0 79.9 23.4 23.3 23.9 35.2 14.8 83.4 33.3 75.6 58.5 27.6 73.7 32.5 35.4 3.9 30.1 28.1 42.4
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CPSL [30] 92.3 59.9 84.9 45.7 29.7 52.8 61.5 59.5 87.9 41.6 85.0 73.0 35.5 90.4 48.7 73.9 26.3 53.8 53.9 60.8

DAFormer [19] 95.7 70.2 89.4 53.5 48.1 49.6 55.8 59.4 89.9 47.9 92.5 72.2 44.7 92.3 74.5 78.2 65.1 55.9 61.8 68.3
DAFormer+FST [8] 95.3 67.7 89.3 55.5 47.1 50.1 57.2 58.6 89.9 51.0 92.9 72.7 46.3 92.5 78.0 81.6 74.4 57.7 62.6 69.3
DAFormer+CAMix [62] 96.0 73.1 89.5 53.9 50.8 51.7 58.7 64.9 90.0 51.2 92.2 71.8 44.0 92.8 78.7 82.3 70.9 54.1 64.3 70.0
DAFormer+DTS (ours) 96.8 76.0 90.0 56.5 50.1 51.9 57.4 65.1 90.5 50.5 92.4 73.5 46.9 93.0 80.4 85.2 74.0 58.7 63.5 71.2

HRDA [20] 96.4 74.4 91.0 61.6 51.5 57.1 63.9 69.3 91.3 48.4 94.2 79.0 52.9 93.9 84.1 85.7 75.9 63.9 67.5 73.8
HRDA+DTS (ours) 96.7 76.3 91.3 60.7 55.9 59.9 67.3 72.5 91.8 50.1 94.4 80.7 56.8 94.4 86.0 86.0 73.9 65.7 68.4 75.2

MIC [21] 97.4 80.1 91.7 61.2 56.9 59.7 66.0 71.3 91.7 51.4 94.3 79.8 56.1 94.6 85.4 90.3 80.4 64.5 68.5 75.9
MIC+DTS (ours) 97.0 80.4 91.8 60.6 58.7 61.7 67.9 73.2 92.0 45.4 94.3 81.3 58.7 95.0 87.9 90.7 82.2 65.7 69.0 76.5

Table 2. UDA segmentation accuracy (mIoU, %) on the GTAv→Cityscapes benchmark. The highest number in each column is marked
with bold. The results in the first group are obtained on a ResNet101 backbone and the others are obtained on a MiT-B5 backbone.
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PatchAlign [50] 82.4 38.0 78.6 8.7 0.6 26.0 3.9 11.1 75.5 84.6 53.5 21.6 71.4 32.6 19.3 31.7 40.0 46.5
AdaptSegNet [49] 84.3 42.7 77.5 – – – 4.7 7.0 77.9 82.5 54.3 21.0 72.3 32.2 18.9 32.3 – 46.7
FDA [56] 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
DACS [48] 80.6 25.1 81.9 21.5 2.9 37.2 22.7 24.0 83.7 90.8 67.6 38.3 82.9 38.9 28.5 47.6 48.3 54.8
ProDA [59] 87.8 45.7 84.6 37.1 0.6 44.0 54.6 37.0 88.1 84.4 74.2 24.3 88.2 51.1 40.5 45.6 55.5 62.0
DAP [23] 84.2 46.5 82.5 35.1 0.2 46.7 53.6 45.7 89.3 87.5 75.7 34.6 91.7 73.5 49.4 60.5 59.8 64.3
CPSL [30] 87.2 43.9 85.5 33.6 0.3 47.7 57.4 37.2 87.8 88.5 79.0 32.0 90.6 49.4 50.8 59.8 57.9 65.3

DAFormer [19] 84.5 40.7 88.4 41.5 6.5 50.0 55.0 54.6 86.0 89.8 73.2 48.2 87.2 53.2 53.9 61.7 60.9 67.4
DAFormer+FST [8] 88.3 46.1 88.0 41.7 7.3 50.1 53.6 52.5 87.4 91.5 73.9 48.1 85.3 58.6 55.9 63.4 61.9 68.7
DAFormer+CAMix [62] 87.4 47.5 88.8 – – – 55.2 55.4 87.0 91.7 72.0 49.3 86.9 57.0 57.5 63.6 – 69.2
DAFormer+DTS (ours) 88.5 51.4 88.0 37.2 4.8 51.4 59.4 59.0 88.1 92.7 71.3 51.3 89.2 67.7 58.4 62.8 63.8 71.4

HRDA [20] 85.2 47.7 88.8 49.5 4.8 57.2 65.7 60.9 85.3 92.9 79.4 52.8 89.0 64.7 63.9 64.9 65.8 72.4
HRDA+DTS (ours) 88.5 53.1 88.7 44.0 5.8 59.2 68.3 60.7 87.7 93.4 79.5 46.4 91.3 64.2 66.8 65.9 66.5 73.4

MIC [21] 86.6 50.5 89.3 47.9 7.8 59.4 66.7 63.4 87.1 94.6 81.0 58.9 90.1 61.9 67.1 64.3 67.3 74.0
MIC+DTS (ours) 89.1 54.9 89.0 39.1 8.7 61.6 67.4 64.3 88.8 94.0 82.2 60.7 89.6 62.6 68.5 64.9 67.8 75.1

Table 3. UDA segmentation accuracy (mIoU, %) on the SYNTHIA→Cityscapes benchmark. The highest number in each column is marked
with bold. The results in the first group are obtained on a ResNet101 backbone and the others are obtained on a MiT-B5 backbone. The
mIoU and mIoU* columns denote the averaged IoU over 16 and 13 classes, where the latter does not contain the classes marked with *.

Appendix material, we show that these classes suffer larger
variations between the source-domain and target-domain
appearances, and hence the learned features are more dif-
ficult to transfer. They are largely benefited by the ‘Focus
on Your Target’ ability of DTS.

Visualization. We visualize the segmentation results of
DAFormer and DAFormer+DTS in Figure 4. For the real
images, the advantage of DTS is significant on the classes
that are easily confused with others (e.g., sidewalk which is
visually similar to road) or suffer large domain shifts (e.g.,
sign or truck). For the mixed images, we find that the base-
line model is easily confused by the unusual stitching and/or
discontinuous textures because it has never seen such pat-

terns in the source domain – in such cases, the model of
the second group is generally better and sometimes it can
propagate the advantages to the model of the first group,
revealing the advantage of bidirectional learning.

4.3. Diagnostic Studies

Ablative studies. We first diagnose the proposed ap-
proach by ablating the contribution of three components,
namely, applying the dual teacher-student (DTS) frame-
work, increasing the proportion of data from the target do-
main (i.e., ‘Focus on Your Target’), and adopting the bidi-
rectional learning strategy. Results are summarized in Ta-
ble 4. Note that some combinations are not valid, e.g.,
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images DAFormer DTS (1st group) DTS (2nd group) ground truth

road sidewalk building wall fence pole light sign vegetation
ignored
terrain

sky person rider car truck bus train motor bike

𝐱𝐱𝟏𝟏𝕋𝕋

𝐱𝐱𝟐𝟐𝕋𝕋

𝐱𝐱𝟑𝟑,𝟒𝟒
𝕋𝕋,𝕋𝕋

𝐱𝐱𝟓𝟓,𝟔𝟔
𝕋𝕋,𝕋𝕋

Figure 4. Visualization of the segmentation results of DAFormer [19] and DTS. The top two rows display two real images and the bottom
two rows display two synthesized images from ⟨T,T⟩. In each group, the first example is from GTAv→Cityscapes and the second one is
from SYNTHIA→Cityscapes. The white, dashed circles highlight the regions that are significantly improved by DTS.

Setting Choice and Accuracy

Dual Teacher-Student ✓ ✓ ✓
‘Focus on Your Target’ ✓ ✓ ✓
Bidirectional Learning ✓ ✓

GTAv→Cityscapes 68.3 67.2 69.7 68.6 71.2
SYNTHIA→Cityscapes 60.9 58.4 63.3 61.2 63.7

Table 4. Ablative studies of DTS with respect to the UDA segmen-
tation accuracy (mIoU, %) on both benchmarks. All these experi-
ments are based on DAFormer [19]. For SYNTHIA→Cityscapes,
the mIoUs are computed over 16 classes. Note that DTS alone
(without the latter two options) is equivalent to the baseline (the
leftmost column) and is simply ignored in the table.

solely applying DTS (without adjusting the proportion of
training data nor applying bidirectional learning) does not
make any difference from the baseline; also, bidirectional
learning must be built upon DTS.

From Columns 1–3, one can learn the importance of
the DTS framework. When DTS is not established, sim-
ply increasing the proportion of target data (Col 2) in-
curs an accuracy drop on both GTAv→Cityscapes and
SYNTHIA→Cityscapes. This validates our motivation,
i.e., there is a conflict between the learning and adapting
abilities. However, after the dual teacher-student frame-
work is established (Col 3, where the first teacher-student
group focuses on learning and the second group focuses on
adapting), the conflict is weakened and the accuracy gain
becomes clear (1.6% on GTAv→Cityscapes and 2.4% on
SYNTHIA→Cityscapes).

Baseline DAFormer HRDA MIC

GTAv Setting A 70.3 74.7 76.5
Setting B 71.2 75.2 76.2

SYNTHIA Setting A 63.8 66.5 67.8
Setting B 61.2 66.0 67.2

Table 5. The results of DTS with different data mixing options. For
SYNTHIA→Cityscapes, the mIoUs are computed over 16 classes.

From Columns 3–5, one can observe the contribution of
‘Focus on Your Target’ (i.e., increasing the proportion of
target data) and bidirectional learning on top of the DTS
framework. The best practice is obtained when all the mod-
ules are used (Col 5), aligning with the results reported in
Tables 2 and 3. Interestingly, when bidirectional learning
is adopted alone (Col 4), the accuracy gain is much smaller
than that of using ‘Focus on Your Target’ alone, because the
two groups are using the same proportion of data mixing,
and thus the bidirectional learning carries limited comple-
mentary information.
Choose the option for data combination. We validate
that the data combination option can be chosen by com-
paring the pseudo-label confidence, as described in Sec-
tion 3.4. We plot the Prob curves throughout training
procedure of Setting A and Setting B in Figure 5. On
GTAv→Cityscapes, the Prob value of Setting B is even-
tually higher than that of Setting A, and DTS with Setting
B outperforms DTS with Setting A by a 0.9% mIoU (see
Table 5). However, on SYNTHIA→Cityscapes, the Prob
value of Setting A is always higher than that of Setting
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Figure 5. The curves of Prob computed on the GTAv→Cityscapes
and SYNTHIA→Cityscapes benchmarks. DAFormer is used as
the baseline. These curves suggest that, on DAFormer, Setting
B is better for GTAv→Cityscapes while Setting A is better for
SYNTHIA→Cityscapes.

Options GTAv SYNTHIA
{⟨T,T⟩} 69.1 61.1
{⟨S,T⟩} 69.3 59.4
{S, ⟨T,T⟩} 70.3 63.8
{⟨S,T⟩, ⟨T,T⟩} 71.2 61.2

Table 6. The results of DTS with more data mixing options. We
show the mIoU of the 16 classes in SYNTHIA and make this com-
parison based on the DAFormer baseline.

B, and DTS with Setting A outperforms DTS with Setting
B by a 2.4% mIoU. Table 5 also shows the segmentation
accuracy on the other two baselines. All choices of ad-
vantageous results align with the aforementioned criterion.
From an intuitive view, Setting B has a smaller portion of
source data, so it works better in the GTAv→Cityscapes
scenario because GTAv has a smaller domain gap to
Cityscapes than SYNTHIA, which can be validated by
vanilla transfer experiments (GTAv→Cityscapes: 46.2%,
SYNTHIA→Cityscapes: 41.3%).

Except for Setting A and Setting B, there are two other
options to increase the focus on the target domain as well,
namely {⟨T,T⟩} and {⟨S,T⟩}. The two options do not in-
clude any mixing data and have a disadvantage compared
to the previous two combinations. {⟨T,T⟩} means that the
second teacher-student group achieves the ability of learn-
ing only from the pseudo labels provided by f st

1 (x;θst
1 ).

As a result, noise can easily persist without accurate super-
vision from the source data. {⟨S,T⟩} has a similar data
proportion as {S, ⟨T,T⟩} but cannot solve the problem of
inconsistency between the training and testing data. Using
⟨T,T⟩ as the training domain is an effective way to bridge
the gap between the training and testing phases. Therefore,
the two combinations containing two different types of data
used in DTS are more suitable for balancing the learning
and adapting abilities.
Models for pseudo label generation. We study the im-
pact of different models for generating pseudo labels. Re-

Group #1 Group #2 mIoU
f st
2,t(·) f te

2,t(·) f st
1,t+1(·) f te

1,t+1(·)

✓ ✓ 68.5†

✓ ✓ 69.0
✓ ✓ 69.5

✓ ✓ 70.2
✓ ✓ 71.3

Table 7. UDA segmentation accuracy (mIoU, %) using different
models to generate pseudo labels on GTAv→Citysacpes. †: In the
first row, each group only uses the teacher model from the other
group; in other cases, each group also uses its own teacher models
(not presented in the table).

Method GTAv→City. SYNTHIA→City.
DACS DAFormer DACS DAFormer

w/o DTS 53.9 56.0 54.2 53.5
w DTS 55.2 59.9 56.6 56.9

Table 8. UDA segmentation accuracy (mIoU, %) on two CNN-
based backbones and two benchmarks.

sults are summarized in Table 7. When each teacher-student
group only uses the teacher model from another group (the
first row), there is almost no accuracy gain (the baseline is
68.3%), indicating the necessity of the supervision signals
from its own teacher.

Then, we discuss the situations where each group uses
its teacher and one model from the other group. For the
second teacher-student group, using f st

1,t+1(·) as the teacher
is superior to using f te

1,t+1(·), because the former model is
optimized one more iteration and thus produces better se-
mantics (i.e., ‘learning from future’). For the first teacher-
student group, only models from the current iteration of the
second group can be used, and f te

2,t(·) always works better
than f st

2,t(·), implying the advantage of EMA.
DTS applied to other backbones. To show that DTS
adapts to different network backbones (e.g., CNNs), we
follow the previous approaches [56, 48, 23] to inherit a
ResNet101 [14] pre-trained on ImageNet and MSCOCO
and train it using DeepLabV2 [2]. The other settings remain
unchanged. Results are listed in Table 8. Still, DTS brings
consistent accuracy gains, improving DACS and DAfromer
by 1.3% and 3.9% on GTAv→Cityscapes, and by 2.4% and
3.4% on SYNTHIA→Cityscapes. These experiments val-
idate that DTS is a generalized UDA framework that does
not rely on specific network architectures.
Comparison of training time and compute. DTS trains
two teacher-student groups, so the computational cost is
about 2× of the baseline (e.g., on a single V100 GPU,
DAFormer/DTS needs 13.5/30 hours). The inference
cost remains unchanged. We further compare DTS and
DAFormer under the same training cost. DTS with half
(20K) iterations achieves favorable accuracy (68.6% and
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GTAv2BDD GTAv2IDD CS2BDD CS2IDD

Baseline 46.3 54.7 53.7 51.6

DTS 53.6 59.6 57.5 56.1
CS2FZ CS2DZ

Baseline 39.7 34.0 42.1∗ 43.6∗

DTS 40.4 37.6 45.2 45.6
Table 9. UDA segmentation accuracy (mIoU, %) on more driving
datasets. ‘BDD’, ‘IDD’, ‘FZ’, ‘DZ’, and ‘CS’ for Berkeley Driv-
ing Dataset, India Driving Dataset, Foggy Zurich, Dark Zurich,
and Cityscapes, respectively. Baselines are DAFormer except for
the last two columns in CS2DZ, which are HRDA and MIC. *: are
numbers inherited from [20, 21].

61.8% on GTAv→Cityscapes and SYNTHIA→Cityscapes)
over DAFormer with full (40K) iterations (68.3% and
60.9%), meanwhile, DTS with full (40K) iterations re-
ports 71.2% and 63.8%, surpassing DAFormer with dou-
bled (80K) iterations (69.3% and 61.2%).
Performance on more driving datasets. We conduct ex-
periments from synthesized and real datasets to more driv-
ing datasets, i.e., Berkeley Driving Dataset (BDD) [57], In-
dia Driving Dataset (IDD) [52], Foggy Zurich (FZ) [41],
and Dark Zurich (DZ) [42]. The comparable results on val-
idation sets of target domain datasets are summarized in Ta-
ble 9. DTS reports consistent improvement in these transfer
scenarios. On the test set of CS2DZ, DTS is also superior to
DAformer (54.2% vs 53.8%) and HRDA (58.9% vs 55.9%).

4.4. Semi-supervised Semantic Segmentation

Dataset. As a generalized self-training framework, DTS
can also be applied to semi-supervised segmentation. We
perform semi-supervised segmentation on the widely used
PASCAL VOC dataset [9], which comprises 20 object
classes and a background class. The training, validation,
and testing sets contain 1,464, 1,449, and 1,456 images, re-
spectively. To align with prior works, we use the augmented
set, which contains 10,582 images, as the complete train-
ing set. During the training, we apply random flipping and
cropping to augment the image data and resize the image to
513× 513 before feeding it to the models.
Implementation. We perform all experiments using the
DeepLabV3+ [3] network with a ResNet-101 backbone pre-
trained on ImageNet. An SGD optimizer, with a learning
rate of 0.0001 for the encoder and 0.001 for the decoder, and
a weight decay of 0.0001, is used. The batch size of both
labeled and unlabeled data is 16 for each group teacher-
student. We train the models for 40 epochs and report the
average of three runs for all the results. Since there is no
domain gap between the labeled and unlabeled parts, only
a dual teacher-student framework and bidirectional learning
are applied in the semi-supervised experiments.

Methods 1/16 (662) 1/8 (1323) 1/4 (2646)

Mean Teacher [46] 71.3 75.4 76.5
FST [8] 73.9 76.1 78.1
USRN [13] 72.3 - -
PS-MT [32] 75.5 78.2 78.7
U2PL [54] 77.2 79.0 79.3

DTS (ours) 74.8 77.1 77.3
U2PL + DTS (ours) 78.9 80.1 80.4

Table 10. Semi-supervised segmentation accuracy (mIoU, %) on
PASCAL VOC.

Comparison. The segmentation results are summarized
in Table 10. Using 1/16, 1/8, 1/4 labeled data, DTS pro-
duces consistent accuracy gains of 3.5%, 1.7%, 0.8% over
the Mean Teacher baseline [46], and 1.7%, 1.1%, 1.1% over
the U2PL baseline [54]. This validates that semi-supervised
learning also benefits from bidirectional learning which ef-
fectively improves the ability to learn from the pseudo la-
bels generated from other groups.

5. Conclusions

In this paper, we study the UDA segmentation prob-
lem from the perspective of endowing the model with two-
fold abilities, i.e., learning from the reliable semantics, and
adapting to the target domain. We show that these two abil-
ities can conflict with each other in a single teacher-student
model, and hence we propose a dual teacher-student (DTS)
framework, where the two models stick to the ‘learning abil-
ity’ and ‘adapting ability’, respectively. Specifically, the
second model learns to ‘focus on your target’ to improve
its accuracy in the target domain. We further design a bidi-
rectional learning strategy to facilitate the two models to
communicate via generating pseudo labels. We validate the
effectiveness of DTS and set new records on two standard
UDA segmentation benchmarks.

As the accuracy on the two benchmarks fast approaches
the supervised baseline (e.g., a 77.8% mIoU on Cityscapes),
we look forward to building larger and higher-quality syn-
thesized datasets to break through the baseline. This is of
value to real-world applications, as synthesized data can
be generated at low costs. We expect that the proposed
methodology can be applied to other scenarios such as do-
main generalization, with the second group focusing on a
generic, unbiased feature space.
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