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Abstract. This work addresses cross-domain semantic segmentation.
While recent CNNs and proposal-free transformers led to significant ad-
vances, we introduce a new transformer with a lighter encoder and more
complex decoder with query tokens for predicting segmentation masks,
called ADFormer. The domain gap between the source and target domains
is reduced with two mechanisms. First, we decompose cross-attention
in the decoder into domain-independent and domain-specific parts to
enforce the query tokens interact with the domain-independent aspects of
the image tokens, shared by the source and target domains, rather than
domain-specific counterparts which induce the domain gap. Second, we
use the gradient reverse block to control back-propagation of the gradient,
and hence introduce adversarial learning in the decoder of ADFormer.
Our results on two benchmark domain shifts – GTA to Cityscapes and
SYNTHIA to Cityscapes – show that ADFormer outperforms SOTA
proposal-free methods with significantly lower complexity. The implemen-
tation is available at https://github.com/helq2612/ADFormer.
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1 Introduction

This paper addresses cross-domain semantic segmentation. We are given images
from the source and target domains, which share semantic classes, but significantly
differ in imaging conditions and appearance of these classes – the difference
referred to as the domain gap. Only the source-domain images are annotated
with semantic segmentation masks. The goal is to use the provided source-
domain supervision to perform semantic segmentation in the target domain. This
problem arises in a wide range of applications, including autonomous driving
under different weather conditions [19,26].

A direct application of SOTA models for standard (single-domain) semantic
segmentation, e.g., transformers [4,5,43], to cross-domain settings typically yields
poor results. To reduce the domain gap, prior work has studied several frameworks:
(a) decomposition of features into domain-independent and domain-specific parts
[39–41]; (b) adversarial learning via a gradient reverse layer (GRL) [17]; (c) self-
training; and (d) hybrids thereof [11, 12,20]. For each of these frameworks, prior
work has typically used proposal-free models which have a heavy encoder, either
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CNNs [30,36,44,46] or transformers [13–15]. By proposal-free, we mean models
that do not explicitly use proposals to obtain the final semantic segmentation. For
example, a proposal-free transformer does not have query tokens in its decoder.
Also, by heavy encoder, we mean a complex image-encoding network pre-trained
on a very large dataset, like ImageNet [8]. We find that such proposal-free models
may not be the most suitable for our problem, because their pretraining is done
for image classification – a task different from semantic segmentation – on a large
dataset which may be unrelated to the source and target domains of interest.
While there are attempts to address this issue – e.g., “thing-class feature distance”
regularization [13] – they poorly generalize to all possible cross-domain settings –
e.g., the target domain may not have “thing” classes of ImageNet [35].

This motivates us to use a proposal-based transformer in which learnable
proposals (a.k.a. query tokens) serve as feature prototypes of semantic classes,
and where domain alignment is performed in the decoder. The decoder is aimed
at decoding the proposals into their semantic segmentation in the input image. As
the decoder is learned on both the source and target datasets, we can directly learn
how to align the proposals across the two domains. Therefore, our model choice
seems more suitable for the downstream cross-domain setting than proposal-free
models. Among recent proposal-based transformers [1,4,5,45,47], Mask2Former [4]
has shown great success in single-domain semantic segmentation. In the decoder
of Mask2Former, the “abstracted” query tokens are gradually refined and tuned
to the input image, by the means of cross-attention with the image tokens, such
that each query can predict a class and its segmentation mask in the image at
the output. We extend Mask2Former such that the query tokens learn domain-
independent class prototypes, as desired in cross-domain settings. To the best of
our knowledge, proposal-based transformers have never been used in cross-domain
semantic segmentation.

The cross-attention in Mask2Former estimates similarity between the query
tokens and image tokens. In cross-domain settings, the latter are characterized by
both domain-independent (DI) and domain-specific (DS) features. Consequently,
the cross-attention consists of DI and DS attentions. The DS cross-attention
tuned to the source domain may negatively affect the refinement of the query
tokens on the target-domain images. To mitigate this issue, prior work [11] has
directly decomposed the query and image tokens into DI and DS features, at
a high computational cost. In contrast, as shown in Fig. 1, our new attention
decomposition transformer, called ADFormer, splits the Mask2Former’s semantic-
segmentation head into two, parallel, DI and DS processing branches, for a more
direct estimation of the two types of cross-attention, with low complexity.

To learn to decompose the cross-attention, following [13, 30], we train our
ADFormer with self-learning on both source and domain-mixed images, where
the latter are synthetic images composed of select parts from the source- and
target-domain images, as illustrated in Fig. 2. The supervision for self-learning
represents the known masks of the corresponding source-domain and target-
domain regions in the domain-mixed image. Such training allows each query
token of our ADFormer to predict a quadruplet (class, mask, domain, domain-
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Fig. 1: ADFormer consists of a backbone, pixel-decoder, and transformer-decoder. The
transformer-decoder has two parallel domain-independent (DI) and domain-speci�c
(DS) branches that decompose the cross-attention into DI and DS components, and
enable every query token to predict a quadruplet (class, mask, domain, domain-mask).
The DI segmentation head outputs the semantic class and its segmentation mask in the
image, and the DS segmentation head outputs the domain class (source or target) and
its domain-mask in the image. The predicted quadruplets are matched with the ground
truth to estimate loss. The gradient reverse layer (GRL) is conveniently introduced for
the loss on DS outputs to reduce the domain gap.

mask). As shown in Fig. 1, the �rst pair in the quadruplet is output by the DI
head for the semantic class and its segmentation mask in the image, and the
second pair is output by the DS head for the domain class (source or target)
and its segmentation mask in the image. The predicted quadruplets are matched
with the ground truth to estimate loss. The gradient reverse layer (GRL) is
conveniently introduced for the loss on DS outputs to reduce the domain gap.

ADFormer achieves SOTA performance on two benchmark domain shifts,
GTA [27] ! Cityscapes [7]) and SYNTHIA [28] ! Cityscapes [7], with lower
complexity than prior work.

Our contributions are summarized below:

1. We are the �rst to design and evaluate a proposal-based model, ADFormer,
and integrate adversarial learning via GRL into self-learning of a proposal-
based model for cross-domain semantic segmentation.

2. ADFormer's decoder explicitly decomposes cross-attention into DI and DS
components, which enforces the query tokens to focus their learning of class
prototypes on the semantically relevant DI cues in the image.

In the following, Sec. 2 reviews related work, Sec. 3 brie�y outlines Mask2Former,
Sec. 4 speci�es ADFormer, Sec. 5 presents our experimental results, and Sec. 6
concludes the paper.

2 Related Work

Transformer-based segmentation. Recent work shows that transformers
[2,4,5,43] outperform CNNs in semantic segmentation. For example, Segformer
[43] avoids using complex decoders by unifying transformers with lightweight
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Fig. 2: For a domain-mixed image consisting of source- and target-domain parts, every
query token predicts the quadruplet (class, mask, domain, domain-mask). The �gure
visualizes the cross-attention of two sample query tokens and the corresponding attention
decomposition, enabled by the DI and DS heads in ADFormer (see Fig. 1). The top
query predicts �target� as the domain class, and the bottom query, �source�. Before the
decomposition, the top query's cross-attention has higher values on objects (e.g., cars)
from the target domain. Similarly, the bottom query's cross-attention emphasizes objects
from the source domain. After the decomposition, the resulting DI cross-attention for
both queries has high values on objects from both source and target domains.

multi-layer perception (MLP) decoders. MaskFormer [5] estimates the query-
based attention and mask classi�cation, while its successor Mask2Former [4]
additionally �lters image background with the masked attention. Recent cross-
domain semantic segmentation methods usually adopt the MIt-B5 encoder from
Segformer, whose complexity is very high (> 85M parameters, see Sec. 5). Our
ADFormer extends Mask2Former, with signi�cantly lighter encoder (called pixel-
decoder), to better suit cross-domain semantic segmentation.

Unsupervised domain adaptation (UDA) for semantic segmentation can
be divided into adversarial-training [31,32,37] and self-training approaches [13�
15,30]. The former use GRL to reverse the sign of loss and thus rather maximize
than minimize the loss for outputs deemed domain-speci�c. This e�ectively
suppresses learning on features that induce the domain gap. In self-training,
a student model is trained on both source- and target-domain images, where
supervision in the target domain comes based form pseudo-ground-truth labels
generated by a teacher model. The teacher model is updated from the student
model usually through exponential moving average (EMA). Recent domain-
bridging methods [3,30] perform training on domain-mixed images composed of
source and target parts. In this paper, we follow these well-established learning
frameworks, and train ADFormer using adversarial-training via GRL, self-training
via student-teacher models, and domain-bridging via domain-mixed images.

Domain Decomposition. Cross-domain learning typically focuses on feature
decomposition. For example, CNN features can be disentangled into DI and DS
parts with an orthogonal constraint [41], or mutual-information loss [40], or a
cyclic-disentanglement [39]. Also, images can be disentangled into DI structure and
DS texture representations [38]. In contrast, we focus on attention decomposition,
rather than feature decomposition.
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