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Abstract

Domain Generalized Semantic Segmentation (DGSS) aims
to utilize segmentation model training on known source do-
mains to make predictions on unknown target domains. Cur-
rently, there are two kinds of network architectures: one
based on Convolutional Neural Networks (CNNs) and the
other based on Visual Transformers (ViTs). However, both
CNN-based and ViT-based DGSS methods face challenges:
the former lacks a global receptive field, while the latter
requires more computational demands. Drawing inspiration
from State Space Models (SSMs), which not only possess
a global receptive field but also maintain linear complex-
ity, we propose SSM-based method for achieving DGSS. In
this work, we first elucidate why does mask make sense in
SSM-based DGSS and propose our mask learning mecha-
nism. Leveraging this mechanism, we present our Mask Vi-
sion Mamba network (MaskViM), a model for SSM-based
DGSS, and design our mask loss to optimize MaskViM. Our
method achieves superior performance on four diverse DGSS
setting, which demonstrates the effectiveness of our method.

Introduction

Domain Generalized Semantic Segmentation (DGSS) (Ding
et al. 2023; Ahn et al. 2024) aims to perform semantic seg-
mentation on unknown target domains via models trained
on known source domains. The essence of DGSS lies in
enhancing the model’s robustness against unknown target
domains. To this end, there are two ways: (1) enabling the
model to learn the target domain distribution (Peng et al.
2021; Yue et al. 2019; Lee et al. 2022; Wu et al. 2022), and
(2) preventing the model from overfitting to the source do-
main distribution (Pan et al. 2018; Choi et al. 2021; Huang
et al. 2021; Pan et al. 2019; Peng et al. 2022). The for-
mer way is often infeasible as the domain generalization
paradigm restricts access to the target domain during train-
ing. Thus, adopting the latter way becomes a practical ap-
proach.

As many studies have shown (Hoyer, Dai, and Van Gool
2022; Paul and Chen 2022; Wenzel et al. 2022; Zhou et al.
2022; Zhang et al. 2024, 2022, 2021), improving the recep-
tive field can greatly prevent the model from overfitting to
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Figure 1: Visualization of the SSM-based DGSS both with
and without mask. @ Original image. @ Prediction without
mask. @ Ground truth. @ Prediction with mask. ® Visual-
ization of mask in original image.

the source domain. Thus, ViTs exhibit greater robustness
than CNNs in out-of-distribution generalization due to their
global receptive field. However, ViT-based methods incur
higher computational demands. Recently, State Space Mod-
els (SSMs), represented by Mamba (Gu and Dao 2023), have
achieved great success in visual fields (Gu, Goel, and Ré
2021; Liu et al. 2024). Compared with ViTs, Mamba not
only possesses a global receptive field to improve model ro-
bustness but also maintains linear complexity to boost model
efficiency. Therefore, SSM-based DGSS seems to be a more
favorable choice.

However, we observe that directly applying SSMs to
DGSS does not yield promising performance. There are two
reasons: (1) Typically, SSM-based methods are inherently
more suitable for 1-D causal data, such as text, rather than
2-D non-causal data like images (Liu et al. 2024; Zhu et al.
2024). Unlike text, where the 1-D order of words indicates
causal relationships, the 2-D spatial positioning of pixels in



images describes such relationships. When unfolding im-
ages into 1-D sequences, the 2-D spatial relationships are
disrupted, leading to tokens with incorrect positional rela-
tionships—referred to as non-causal tokens. This can ob-
scure the semantic integrity of sequences, adversely affect-
ing pixel-level prediction tasks. (2) In addition, we observe
that SSM-based methods focus more on historical knowl-
edge of the model, making previous source domain knowl-
edge dominate the target domain reasoning, ultimately im-
pairing the domain generalization performance.

In this work, we reveal the essential problems of SSM-
based DGSS and conduct a toy experiment to demonstrate
them, thereby proposing our mask learning mechanism. The
mechanism locates and filters out the non-causal tokens via
a learnable binary mask, which addresses the problems faced
by SSM-based DGSS. In Fig. 1 @, the bottom right cor-
ner displays a car positioned behind a bus. In Fig. 1 @,
indicated by the red box, SSM-based DGSS without mask
disrupts the positional relationship between the car and the
bus, resulting in misclassification of the car as the bus. In
Fig. 1 @, introducing the mechanism corrects the misclassi-
fication (indicated by the red box). In Fig. 1 ®, the occluded
area represents non-causal tokens localized by this mecha-
nism. Notably, the car is significantly obscured, indicating
that SSM-based DGSS inaccurately captures the positional
relationship in this region. Based on the mechanism, we in-
troduce our Mask Vision Mamba network (MaskViM) for
DGSS, which is a SSM-based encoder-decoder network, and
design our mask loss to regulate the mask ratio and position
effectively. Our contributions are summarized as follows:

* We propose MaskViM for DGSS to effectively mitigate
the adverse effects of the non-causal tokens.

¢ We reveal the fundamental issues of SSM-based DGSS,
and propose a novel mask learning mechanism. Further-
more, we devise a mask loss to control the mask ratio and
position.

* We achieve superior performance on four DGSS settings,
with an average increase of +1.9%, +1.7%, +1.2%, and
+ 1.7% mloU compared to HGFormer, and +1.7% mloU
compared to BlindNet.

Related Works

Domain Generalization Semantic Segmentation DGSS
primarily focuses on enhancing the model’s generalization
capability via randomization and normalization (Bi, You,
and Gevers 2024). Randomization methods (Peng et al.
2021; Yue et al. 2019) aim to diversify the source do-
main distribution in hopes of encompassing the target do-
main distribution. For instance, Huang et al. (Huang et al.
2018) introduce an auxiliary domain to perform style trans-
fer on the source domain at the data level to improve gen-
eralization. Lee ef al. (Lee et al. 2022) utilize ImageNet
data (Deng et al. 2009) as the auxiliary domain to conduct
style transfer at the feature level. Wu et al. employ Ada-
IN (Huang and Belongie 2017) to extract color-jittered fea-
tures and blend them with the original features to diver-
sify the feature space. Normalization methods (Choi et al.
2021; Pan et al. 2018, 2019; Peng et al. 2022) aim to
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diminish the source domain style present in the features,
thereby extracting domain-invariant content. Batch normal-
ization (BN) (Ioffe and Szegedy 2015) preserves domain-
invariant content information, and instance normalization
(IN) (Ulyanov, Vedaldi, and Lempitsky 2016) reduces the
impact of source domain style. Consequently, most methods
explore how to integrate the benefits of both normalizations.
For example, Pan et al. (Pan et al. 2019) were the first to pro-
pose switchable whitening, combining BN and IN. Whiten-
ing transformation, which standardizes features by decorre-
lating the channels, can also extract domain-invariant con-
tent. Luo (Luo 2017) and Cho et al. (Cho et al. 2019) ap-
ply whitening transformation in a group-wise manner. Choi
et al. (Choi et al. 2021) enhance the approach to perform
whitening transformation in an instance-selective mode.

State Space Models SSMs establish causal links for all
states within sequences to predict unknown states, demon-
strating significant potential in sequence modeling. Model-
ing for long sequences has consistently been a challenging
issue. To address this, LSSL (Gu et al. 2021) integrates con-
tinuous state space models with HiPPO initialization (Gu
et al. 2020) to mitigate the long sequence dependency chal-
lenge. The HiPPO matrix, capable of generating a hidden
state that retains historical information, can manage long-
range dependencies in both recurrent and convolutional rep-
resentations. However, the method’s intensive parameteriza-
tion and substantial memory requirements render it imprac-
tical for widespread use. S4 (Gu, Goel, and Ré 2021) offers
a solution that employs matrix factorization to reparameter-
ize parameters into a diagonal structure, hence termed struc-
tured state space for sequences. Motivated by the concept
of structured state space, numerous studies have concen-
trated on designing diverse structures for state space models,
such as complex-diagonal structures (Gupta, Gu, and Berant
2022; Gu et al. 2022), support for multiple inputs and out-
puts (Smith, Warrington, and Linderman 2022), decompo-
sition into diagonal plus low-rank operations (Hasani et al.
2022), and selection mechanisms (Gu and Dao 2023). These
methods have achieved considerable success with long-
range and causal data, such as language and speech (Mehta
et al. 2022). However, there remains a scarcity of research
on 2-D non-causal data, like images.

Mamba for Vision Task Mamba (Gu and Dao 2023), also
known as the structured state space model with selection
mechanism, has garnered significant attention since its in-
troduction. Its performance slightly surpasses that of the
Transformer with an equivalent parameter size, and it of-
fers a computational advantage, being more than five times
faster. Recent studies have validated Mamba’s efficacy in
visual tasks. In the field of visual representation learning,
Vim (Zhu et al. 2024) proposes a novel generic vision back-
bone featuring bidirectional Mamba blocks, which mark im-
age sequences with positional embeddings and compress
visual representations using bidirectional state space mod-
els. VMamba (Liu et al. 2024) introduces a Swin-like hi-
erarchical vision backbone and designs a 2D-selective-scan
mechanism to transform 2-D non-causal images into 1-D se-
quences for Mamba-based modeling.
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Figure 2: Overview of MaskViM. The network follows an encoder-decoder architecture: (1) the encoder network, which features
four Stages with the initial three incorporating our MVSS block and the final Stage utilizing the VSS block; and (2) the decoder
network, which integrates our MVSS block and a multi-scale aggregation module.

Preliminaries

Problem Definition Formally, we define the source and
target domains as {I°,G*} and {I',G'}, respectively.
Here, I denotes the input images and G denotes the cor-
responding ground truths. The superscript s and ¢ indicate
the source and target domains. Let O° and O denote the
segmentation predictions for the source and target domains,
respectively. DGSS aims to obtain the target domain predic-
tions O by training on I'°® using their ground truth G*.

State Space Model SSM can be defined by the state equa-
tion h’(t) and the observation equation y(¢):
h'(t) = Ah(t) + Bz(t), =z(t) eR
y(t) = Ch(t) + Dx(t), y(t)eR
where A € R¥>d B ¢ R¥>1 C e R*Y D ¢ R and
h(t) € RI*L,
Discrete SSM To apply SSM into deep learning algo-
rithms, SSM transforms into its discrete version according
to zero-order hold rule, i.e., A = exp(AA),B=AB,A €
R, and can be defined as:
hit1 = Ah; + Bux;,
yi = Ch; + Du;,

where A € R4 B ¢ R¥X1 C e R4 D € R and
h; € R4x1,
Selective State Space Model Selective SSM, i.e., Mamba,
utilizes linear and softplus to allow B,C,A to be
B;,C;, A;, which are the functions of the input z; and
input-dependent. Thus, A; = exp(A;A) and B; = A;B;
are also input-dependent. The selective state space model
can be defined as:

hit1 = A;h; + Bz,

yi = Cih; + Dx;,

ey

z; ER

yi €R @

r;, €R

yi €R ®
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where A; € R4 B, € R, C; € R, D € R and
h; € R4¥! Given the parameter A; is diagonal and the pa-
rameters A;, D € R (Han et al. 2024), Eq. 3 can be rewritten
as:

hi+1 = Al O h; + Bl(AZ ® -Ti), z; €R

“4)

where ® denotes the Hadamard product, A; = diag(A;) €
R B, € R C; € R4, D € Rand h; € R
Thus, the scalar output ;1 € R can be defined as:

Yi+1 = CH_l[Avi O h; + Bz(Al ® (El)] +D o Tit1 (5)

To deal with an input sequence € RY*¢ Eq. 5 can be
rewritten as:

Yir1 = Cip1[Ai O hi + Bi(A; O @)+ D O @iy (6)

where Yit1,L; € RIXC, A; € RlXC’ AVZ S RdXC’ B; €
R¥>1 C; € R4, D € R and h; € RXC,

Approach

Why Does Mask Make Sense in SSM-based DGSS? We
start by discussing why utilizing mask in SSM is desirable
for DGSS.

First, we explore the relationship between self-attention
and SSM to reveal the problem of the SSM-based DGSS.
Specifically, we denote C;, B;, (A; ® x;) as Q;, K", V.
Given A; falls between 0 and 1, it can be viewed as the
attention for the previous hidden state. Thus, we set h; =
A; ® h; € R¥*C and rewrite Eq. 6 as:

Yir1 = Qita[h + K;' Vi| + D © 24 @)

Given h; is equivalent to a function of the previous in-
put tokens {x;_1,T;_2, ..., To}, it effectively acts as a fea-

ture adapter of Z;;E K V;. Thus, we approximate h; ~



Z;;E K jT V;. In addition, due to D is input-independent,
D © x;41 can be viewed as a shortcut of the current input
@ ;+1. Therefore, we rewrite Eq. 7 as:

Yiy1 Qi+1(zj:0 K/V))+ Doz ©®)

This indicates that the current output y;; consists of the
self-attention (Q;11 (Z;:O K ]T V;)) of the previous inputs
{xi,x;_1, ..., xo}, which is viewed as the predictions of the
previous inputs, and the shortcut (D © x;41) of the current
input ;41, which is viewed as the offset of the current input.
This means that the prediction of the current input is based
on the previous inputs’ predictions, with an added offset as-
sociated with the current input (since the current input does
not participate in self-attention computation but follows a
shortcut mode). Thus, if the previous inputs differ greatly
from the current ones, i.e., there is a lack of causal relation-
ship between them, the current output is highly susceptible
to being influenced by previous inputs, resulting in predic-
tions that are more aligned with the previous inputs and less
relevant to the current input. This usually arises in DGSS due
to that (1) significant domain discrepancies make the previ-
ous knowledge of the source domain dominate the reasoning
of the current target domain, and (2) pixel-level predictions
for the current rare tokens are highly susceptible to those for
previous common tokens. Therefore, it is necessary to use
mask to control the impact of previous non-causal tokens on
current reasoning.

Second, we conduct a toy experiment to illustrate the im-
portance of mask in SSM-based DGSS. We visualize the ac-
tivation map of QK T from VMamba both with and with-
out mask. As shown in Fig. 3 (b), the results from VMamba
without mask show that the tokens indicated by red box tend
to focus more on the common tokens in the previous inputs
(even if they belong to different classes), while paying less
attention to those of the same class in the current input. As
shown in Fig. 3 (c), utilizing mask make the tokens indicated
by red box more relevant to current token of same class and
less relevant to previous tokens of different classes.

Mask Learning in SSM-based DGSS We introduce how
to utilize mask in SSM-based DGSS. Specifically, let f; ;
represent the token in SSMs (i.e., 2-D expression of x;),
and m; ; € {0, 1} denote discrete binary mask, where i and
7 correspond to the horizontal and vertical coordinates, re-
spectively. If m; ; = 0, the token f; ; is excluded. Thus, the
token f; ; with mask is updated as:

L
f’L,j = {0,

ifm;; =1,

otherwise.

©))

To obtain an effective mask m; ;, a naive approach in-
volves random generation following a uniform distribution,
which is defined as:

1
m,; ; = onehot(max{k| Zk:o pf,j <u})

where u is sampled from a standard uniform distribution
U(0,1), and p} ; denotes the likelihood of assigning m;
to class k € {0,1}. Eq. 10 indicates that m, ; selects class

(10)
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(a) Image (b) w/0 mask (c) w/ mask

Figure 3: Visualization of the activation map of QK T for
tokens indicated by red box. (a) Original image. (b) Results
without mask. (c) Results with mask.

k when the cumulative probability up to k£ exceeds u. But
this approach is sub-optimal due to the varying suitability
of each positions for mask. Thus, a learnable mask m; ; tai-
lored to each token f; ; is necessary.

However, the binary nature of m; ;—limited to values of
0 or 1-poses a challenge for differentiability during back-
propagation. This makes m; ; not to be learnable. Given
that mask learning process is equivalent to random sam-
pling from a uniform distribution, we adopt the Gumbel-
Max trick (Jang, Gu, and Poole 2016) to address the chal-
lenge. Thus, we rewrite Eq. 10 as:

m; ; = onehot(arg max{g" + logpﬁj}) (11)
k

where g¥ = —log(—log(u)) represents the Gumbel per-
turbation. However, the argmax operation is still non-
differentiable. Thus, we employ the Gumbel-Softmax tech-
nique (Xu et al. 2022a; Xue et al. 2022) to replace the
argmax operation with the Softmax function, and modify
Eq. 11 as:

_ exp((log(p},) +9")/7)
S o exp ((log(pk) + g*)/7)

where 7 > (0 serves as the temperature parameter that modu-
lates the Softmax function to approximate the argmax oper-
ation. Obviously, pi-f j stands as the sole learnable parameter,
allowing it to take any value within its range. Therefore, the
objective of learning binary mask is achievable by tuning the
differentiable variable pﬁ ;» Which is initialized by sampling
from a uniform distribution U (—+, ), with v > 0 serving
as a hyperparameter.

12)

mm—

Mask Vision Mamba Network Based on our mask learn-
ing mechanism, we introduce our MaskViM network. As
shown in Fig. 2, the input image undergoes hierarchical en-
coding to produce four multi-scale feature maps by the en-
coder. These maps are subsequently processed by the de-
coder to obtain the final segmentation prediction. Both en-
coder and decoder are composed of our MVSS block, which
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Figure 4: Visualizations of three kinds of DGSS scenarios: Synthetic-to-Real (S-to-R), Real-to-Synthetic (R-to-S), and Normal-
to-Corruption (N-to-C) generalizations. The real and synthetic datasets are sourced from Mapillary and SYNTHIA validation
sets, respectively. Corruptions, such as noise and fog, are introduced to Cityscapes validation set.

introduces the proposed mask learning mechanism into the
VSS block (Liu et al. 2024) to locate and filter out previous
non-causal tokens on current reasoning.

The encoder network generates hierarchical feature maps.
The process begins by partitioning the input into 4 x 4
patches using the patch partition module, i.e., a 4 x 4 conv-
norm layer with a stride of 4. These patches are then fed into
four Stages to output their feature maps in turn. In Stages,
the patch merging module (Liu et al. 2021) downsamples the
feature maps. The outputs of each Stage serve as inputs to
the decoder network. Note that the encoder architecture re-
sembles the VMamba and the Swin Transformer (Liu et al.
2021), with the key difference being the replacement of their
core block with our MVSS block.

The decoder network decodes semantic from the encoder
to obtain predictions. The output of Stage 4 inputs into the
multi-scale aggregation module, while those of the preced-
ing three Stages fed into our MVSS block. The rationale for
not utilizing the MVSS block in Stage 4 is straightforward:
the output contains more semantic information but has lower
resolution, meaning that masking even a few tokens could
result in substantial semantic information loss. The multi-
scale aggregation module is adopted akin to the pyramid
pooling module in PSPNet (Zhao et al. 2017). Finally, the
class head module maps the feature map into class space to
obtain the segmentation prediction.

Optimization Objective Considering that masking too
many tokens may lead to performance degradation and in-
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Methods | Backbone | #Params(M) | FLOPs(G)| mloU
UperNet Swin-T 60 945 47.1
UperNet Swin-S 81 1039 50.3
UperNet Swin-B 121 1188 50.9
"MaskViM | Mask-T | 60 305 564
MaskViM Mask-S 82 346 59.1
MaskViM | Mask-B 118 390 59.9

Table 1: Efficiency comparison. FLOPs are computed for in-
puts of size 512 x 512, using the code from Mamba (Gu and
Dao 2023). The mloU is calculated on BDD validation set
via models trained on Cityscapes training set.

correct mask positioning can also impair performance, we
devise a mask loss, i.e., L., = a1 - L, + o - L2, where oy
and ao are weighting factors, to regulate both the ratio and
position of mask as:

h-w

1Y 1 .
Em - § Zs:l()\ N m Zi,j:o miaj)2’

1 S h-w

Chi=s D Dy oMy —mi,)?
where L] and LP represent the mask loss for the ratio and
the position, respectively, and S represents the number of
MVSS blocks. In this context, m; ; denotes m; ; in s-th
MVSS block. The coefficient A € (0, 1) modulates the mask
ratio, and M; ; controls the mask position, which is a binary
label generated through element-wise comparison between
the segmentation prediction and the ground truth. Note that
the binary label map M is resized to match mask map m

13)



Methods Average Blur Noise Digital Weather
Motion Defoc Glass Gauss |Gauss Impul Shot Speck |Bright Contr Satur JPEG |Snow Spatt Fog Frost
Mask2former-T (Cheng et al. 2022)| 41.6 515 494 382 462 [ 96 98 135 444 742 60.0 700 233 [237 594 654 273
HGFormer-T (Ding et al. 2023) 439 529 539 39.0 495 | 121 123 182 463 | 75.0 60.0 712 272|294 60.6 650 29.1
MaskViM-T 45.8 535 524 429 446 | 149 165 190 530 | 75.0 634 71.8 422|304 56.6 654 30.6

Table 2: Performance comparison (mloU: %) in Cityscapes-to-Cityscapes-c setting. Red and blue fonts denote the best and

second-best results, respectively.

Trained on Cityscapes

Methods Backbone B M G S |Average
IBN (Pan et al. 2018) ResNet50 [48.6 57.0 45.1 26.1| 442
SW (Pan et al. 2019) ResNet50 [48.5 55.8 449 26.1| 438
DRPC (Yue et al. 2019) ResNet50 [49.9 56.3 45.6 26.6| 44.6
RobustNet (Choi et al. 2021) | ResNet50 | 50.7 58.6 45.0 26.2| 45.1
GTR (Peng et al. 2021) ResNet50 |50.8 57.2 45.8 26.5| 45.0
WildNet (Lee et al. 2022) ResNet50 [50.9 58.8 47.0 28.0| 46.2
ISW (Choi et al. 2021) ResNet50 |50.7 58.6 45.0 26.2| 45.1
SiamDoGe (Wu et al. 2022) ResNet50 | 51.5 59.0 45.1 26.7| 45.6
DIRL (Xu et al. 2022b) ResNet50 [51.8 - 465 26.5 -
SAN-SAW (Peng et al. 2022) | ResNet50 | 53.0 59.8 47.3 28.3| 47.1
BlindNet (Ahn et al. 2024) ResNet50 |51.8 60.2 48.0 28.5| 47.1
Mask2former (Cheng et al. 2022) | ResNet50 | 46.8 61.6 48.0 31.2| 46.9
HGFormer (Ding et al. 2023) | ResNet50 |51.5 61.6 50.4 30.1| 48.4

‘Mask2former (Cheng et al. 2022) | Swin-T [51.3 65.3 50.6 34.0| 503
HGFormer (Ding et al. 2023) Swin-T |53.4 669 51.3 33.6| 51.3
MaskViM Mask-T |56.4 66.6 54.3 34.6| 53.0

Table 3: Performance comparison (mloU: %) in Cityscapes-
to-others setting.

via interpolation. The widely-adopted cross-entropy loss for
semantic segmentation is denoted as L... Thus, the overall
optimization objective is defined as:

L=Lece+ L (14)

Note that we adopt L], to train the encoder and £, to train
the decoder, respectively.

Experiments
System Level Comparison

Efficiency We compare our approach with UperNet (Xiao
et al. 2018) in efficiency as shown in Tab. 1. Despite having
nearly identical #Params, our method achieves almost three
times fewer FLOPs and a tenfold increase in mloU.
Cityscapes-to-Cityscapes-c Tab. 2 presents the perfor-
mance comparison in Cityscapes-to-Cityscapes-c setting.
This setting enables us to evaluate our method’s robustness.
Our method surpasses HGFormer with an average increase
of +1.9% mloU. With the corruption of “Digital-JPEG”, our
approach achieves an impressive improvement of over +15%
mloU.

Cityscapes-to-Others Tab. 3 presents the performance
comparison in the Cityscapes-to-others setting. Our method
surpasses HGFormer by an average of +1.7% mloU. For
CNN-based methods, our approach shows a significant im-
provement, exceeding them by almost +5% mloU. The real-
to-synthetic generalization capability of our method is fur-
ther evidenced in the C-to-G experiment, where it outper-
forms HGFormer by +3% mloU.

Mapillary-to-Others Tab. 4 illustrates the performance
comparison in the Mapillary-to-others setting. Our method
outperforms HGFormer with an average increase of +1.2%
mloU, and nearly +3% mloU over CNN-based methods.
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Trained on Mapillary
Methods Backbone G S C B [Average
IBN (Pan et al. 2018) ResNet50 [30.7 27.0 42.8 31.0] 329
SW (Pan et al. 2019) ResNet50 |28.5 27.4 40.7 30.5| 31.8
DRPC (Yue et al. 2019) ResNet50 |33.0 29.6 46.2 32.9| 354
GTR (Peng et al. 2021) ResNet50 |32.9 30.3 45.8 32.6| 354
ISW (Choi et al. 2021) ResNet50 [33.4 30.2 46.4 32.6| 35.6
SAN-SAW (Peng et al. 2022) | ResNet50 |34.0 31.6 48.7 34.6| 372
Mask2former (Cheng et al. 2022) | ResNet50 |55.8 37.7 65.6 56.4| 53.9
HGFormer (Ding et al. 2023) | ResNet50 [59.2 37.4 67.1 59.1| 55.7
“Mask2former (Cheng et al. 2022) | Swin-T [57.8 40.1 68.2 59.1 563
HGFormer (Ding et al. 2023) Swin-T |60.1 39.5 69.3 61.0| 57.5
I MaskVIiM | ] Mask-T |60.8 38.8 73.1 62.0| 587

Table 4: Performance comparison (mloU: %) in Mapillary-
to-others setting.

Trained on GTAV
Methods Backbone C B M S [Average
IBN (Pan et al. 2018) ResNet50 |33.9 32.3 37.8 27.9 33.0
RobustNet (Choi et al. 2021) ResNet50 |37.3 35.2 403 28.3| 353
WildNet (Lee et al. 2022) ResNet50 [44.6 38.4 46.1 31.3| 40.1
SiamDoGe (Wu et al. 2022) ResNet50 |43.0 37.5 40.6 28.3| 374
DIRL (Xu et al. 2022b) ResNet50 [41.0 39.2 41.6 - -
SAN-SAW (Peng et al. 2022) ResNet50 |39.8 37.3 41.9 30.8| 37.5
BlindNet (Ahn et al. 2024) ResNet50 |45.7 41.3 47.1 31.4| 414
SHADE (Zhao et al. 2024) ResNet50 |44.7 39.3 433 - -
" HRDA(Hoyer, Dai, and Van Gool 2023) | MiT-B2 [46.0 428 472 - | -
DAFormer (Hoyer, Dai, and Van Gool 2023) | MiT-B2 [46.3 41.5 46.8 - -
- MaskViM | Mask-T [43.3 42.9 509 353] 431

Table 5: Performance comparison (mloU: %) in GTAV-to-
others setting.

Mirroring the Cityscapes-to-others setting, our method con-
tinues to demonstrate exceptional generalization capability
in real-to-synthetic scenarios.

GTAV-to-Others Tab. 5 depicts the performance compar-
ison in the GTAV-to-others setting. This setting assess our
method’s synthetic-to-real scenarios adaptation. In compar-
ison to BlindNet, our method excels with an average im-
provement of +1.7% mloU. Specifically, in the G-to-M ex-
periment, our method surpasses BlindNet by +3.8% mloU.

Ablation Studies

Mask in the Encoder We evaluate the impact of mask
in the encoder, as shown in the first three lines of Tab. 6.
We select VMamba-+linear as baseline, and introduce mask
into the blocks of the first three Stages (“+Block part.”)
and all Stages (“+Block all.”), respectively. The setting of
“+Block all.” results in decreased performance (from 46.7%
to 45.1%), suggesting that the feature map from the final
Stage is not conducive to mask learning. We attribute this
to the semantically rich yet lower-resolution nature of that
map, where masking even a few tokens could lead to a
significant loss of semantic information, thus diminishing
overall performance. Thus, we select the setting of “+Block
part.” as our encoder design. In additional, we explore the
impact of different mask ratios A, as shown in Tab. 7. The
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Figure 5: Analysis on mask in the encoder. (a) Performance
comparison with different uniform \. (b) mask ratios at the
first three Stages with a uniform A = 0.5.
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Figure 6: Performance comparison both with and without
mask. (a) The Cityscapes-to-others setting. (b) The GTAV-
to-others setting.

component “mask ratio \ at each Stage” refers to individual
adjustment of A to modulate the ratio at each Stage. The re-
sults indicate that a uniform A for all Stages is better than
an individual one for each Stage. Finally, we employ a uni-
form A = 0.5 to regulate the ratio across all Stages. Fig. 5
(a) illustrates the effects of different uniform )\, with the best
performance occurring at A = 0.5. Fig. 5 (b) displays the ra-
tio across the first three Stages of the encoder using the op-
timal A = 0.5. The results highlight that non-causal tokens
are prevalent in shallow layers; however, our mask learning
mechanism effectively addresses these tokens, thereby miti-
gating their occurrence in deeper layers.

Mask in the Decoder We evaluate the impact of mask
in the decoder in the last three lines of Tab. 6. We denote
Maskp as the decoder of our MaskViM. Let the setting of
“-mask” denote the removal of the mask in Maskp. The re-
moval make performance decrease 2.5% mloU (from 53.0%
to 50.5%). Let the setting of “-All.” denote the replacement
of the multi-scale aggregation module with the VSS block
based on the setting of “-mask”. This results in a 1.3% mloU
drop (from 50.5% to 49.2%). These results highlight the
beneficial role of mask in the decoder. In addition, we ex-
plore different depths of Maskp in Tab. 7. The component
“Depths of Maskp” refers to the number of MVSS blocks
in the first three Stages of Mask p. The results show that set-
ting the component to (1,1,1) is optimal. Fig. 6 presents the
performance comparison both with and without mask under
Cityscapes-to-others and GTAV-to-others settings, further
demonstrating the efficacy of mask in SSM-based DGSS.
Loss Analysis To demonstrate the importance of the mask
loss L7, and LP , we contrast three different loss designs
in Tab. 8. The combination L..+L,, indicates regulation of
the mask ratio. Conversely, L..+L?, refers to the regula-
tion of the mask position. The results highlight the neces-
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Encoder Decoder | B M G S | Average
VMamba Linear | 50.9 613 472 274 46.7
" +Block all.  Linear | 49.6 59.5 458 252 | 451
+Block part.  Linear | 51.7 629 48.6 29.1 48.1
+Block part. Maskp | 56.4 66.6 54.3 34.6 53.0
" +Block part.  -mask | 5377 651 50.7 324 | 505
+Block part. -All 52.6 63.7 49.8 30.5 49.2

Table 6: Performance impact (mloU: %) of mask in the en-

coder and decoder.

Component Variant B M G S |Average
(0.9,0.7,0.5) 547 64.1 489 31.6| 498
mask ratio \ (0.8,0.6,0.4) 523 65.4 46.5 27.6| 438.0
at each Stage (0.5,0.7,0.9) 482 57.3 447 23.0| 433
(0.4,0.6,0.8) 479 56.8 44.5 24.1| 433
(0.5,0.5,0.5) 48.3 58.1 454 25.6| 444

Depths ””””””” 222 56.1 659 51.8 342 520
of Mask (1,2,2) 56.5 66.9 51.7 34.1| 523
D (1,1,2) 56.3 66.3 51.8 34.3| 522

I (20.0,10.0) | 53.8 63.3 49.7 31.5| 496
o and oy (10.0,5.0) 55.1 65.7 51.3 33.7| 514
(5.0, 1.0) 55.5 66.9 51.7 34.1| 52.1
MaskViM | 0.5]|(1,1,1)||(1.0, 1.0) | 56.4 66.6 54.3 34.6| 53.0

Table 7: Performance comparison (mloU: %) of different
components.

sity of managing both the mask ratio and position to opti-
mize performance. Additionally, we examine the effects of
the weighting factors a1 and ay, as shown in Tab. 7. The
optimal weighting strategy occurs when oy, g = 1.0.

Loss B M G S Average
Lece 40.8 50.7 36.7 19.1 36.8
Leet+Lr, 49.1 586 453 292 45.6
Leet+LE, 48.6 59.1 445 284 452
" LeeHLT,+LP [ 564 66.6 543 34.6 | 53.0

Table 8: Performance comparison (mloU: %) of different
loss combinations.

Conclusion

In this work, we find that directly applying SSMs to DGSS
does not yield promising performance and reveal that SSM-
based DGSS will create the non-causal tokens that domi-
nate the reasoning of the current input. To address this issue,
we propose mask learning mechanism and introduce it into
our MaskViM network for DGSS. We evaluate our method
across four diverse DGSS settings, demonstrating that our
method achieves superior performance.
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