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Abstract

Recent domain generalized semantic segmentation
(DGSS) studies have achieved notable improvements by dis-
tilling semantic knowledge from Vision-Language Models
(VLMs). However, they overlook the semantic misalign-
ment between visual and textual contexts, which arises due
to the rigidity of a fixed context prompt learned on a single
source domain. To this end, we present a novel domain gen-
eralization framework for semantic segmentation, namely
Domain-aware Prompt-driven Masked Transformer (DPM-
Former). Firstly, we introduce domain-aware prompt learn-
ing to facilitate semantic alignment between visual and tex-
tual cues. To capture various domain-specific properties
with a single source dataset, we propose domain-aware
contrastive learning along with the texture perturbation that
diversifies the observable domains. Lastly, to establish a
framework resilient against diverse environmental changes,
we have proposed the domain-robust consistency learning
which guides the model to minimize discrepancies of pre-
diction from original and the augmented images. Through
experiments and analyses, we demonstrate the superiority
of the proposed framework, which establishes a new state-
of-the-art on various DGSS benchmarks.

1. Introduction

Over the decades, semantic segmentation has made remark-
able progress, now being able to precisely classify each
pixel in an image into categories. However, one of the shad-
ows that lies in these advancements is that models often
exhibit inconsistent and degraded performance when de-
ployed in various real-world environments. To this end,
the task of Domain Generalized Semantic Segmentation
(DGSS) has arisen to overcome the discrepancy between the
training and test domains, i.e., domain shift. DGSS has pro-
gressed through diverse approaches, such as feature whiten-
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Figure 1. Motivation of DPMFormer. Using a fixed context
prompts [31, 36] tend to retain source domain properties, caus-
ing contextual misalignment with the target domain. On the other
hand, DPMFormer translates domain properties of the input image
into context prompts, enhancing semantic alignments.

ing [6, 37-39] and domain randomization [4, 14, 19, 24, 27,
28, 56, 59, 61, 62]. Furthermore, some studies [3, 10] ex-
ploited multi-scale object queries with a transformer-based
architecture, i.e., Mask2Former [5].

Despite these advancements, learning domain-robust
representations solely from the single source domain re-
mains a significant hurdle to performance improvement.
Recently, several studies [13, 21, 36, 55] employed Vision-
Language Models (VLMs) [41, 45] owing to their se-
mantic knowledge learned from diverse large-scale text-
image datasets. For this, pioneering VLM-based DGSS
works [13, 21, 55] have adopted their pre-trained visual en-
coder for initialization and fine-tuning [21, 55]. In addition,
TQDM [36] has introduced a framework that constructs ob-
ject queries from the textual descriptions, leveraging seman-
tic concepts from linguistic expressions.

Yet, they still have limitations in fully utilizing textual
knowledge to improve domain generalizability. Concretely,
the context prompts that decorates textual descriptions of
each category are either a predefined template [31] (e.g., 'a
photo of’) or a single learnable text embedding [36]. How-
ever, we contend that fixed context prompts have limited
capability for target domain images due to the discrepancy
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(a) Visualization of textual prompts

Figure 2. PCA visualization of textual prompts (left) and qualitative results on various environments (e.g., Day, Dawn, Night) in
BDD100K [58] (right). The models are trained on GTAV [42] with the CLIP-pretrained backbone (ViT-B) [41]. A fixed single-context
prompt lacks flexibility in adapting to various domain shifts due to its rigidity. In contrast, our framework utilizes domain-specific prop-
erties from input images as context prompts, enhancing semantic alignment between text and images. As a result, as shown in (b), our

approach exhibits improved robustness across diverse environments.

between visual and textual contexts as depicted in Fig. 1.
Firstly, a handcrafted template inherently encodes the char-
acteristics of a specific domain which restricts its general-
izability to other unseen domains. Secondly, prompt opti-
mization is prone to source domain overfitting, especially
in the single-source setting. Consequently, both approaches
may enlarge the gap between textual and visual contexts,
leading to suboptimal performances on target domains.

In this perspective, we point out that the semantic form
of the textual representation for an object category should
be changed with respect to the input visual context in order
to strengthen their semantic correspondence. For instance,
in the real-world driving scene at night of Fig. 2 (b), tar-
get categories (e.g., car and sky) possess distinct textures
from those of synthetic daytime images. Hence, it would be
more appropriate to decorate ‘a car’ with the textual prompt
‘at night in the real-world’ which is reflecting the domain
characteristics. As a result, the modified text feature will
include details such as darkened car exteriors and light re-
flections, enhancing the semantic alignment. Nevertheless,
it is challenging to design domain-adaptive prompts in the
DGSS setting where the training dataset covers only a single
domain. Moreover, this setting hinders the visual pipeline
from learning robust image features against domain shifts.

To address these challenges, we introduce a novel frame-
work, namely Domain-aware Prompt-driven Masked Trans-
former (DPMFormer), focusing on two key aspects: (1)
Leveraging domain-specific properties of the input image
(domain-awareness) and (2) Generating accurate outputs
on images with dissimilar domain characteristics (domain-
robustness). To cultivate the domain-awareness, we propose
a novel domain-aware prompt learning, which translates
the domain-specific properties of an input image into con-

text prompts via an auxiliary network. In addition, to ob-
tain diverse domain properties in the single-source setting,
we apply texture perturbations to synthesize novel domain
images. Furthermore, exploiting both source and novel
domain images, we propose a domain-aware contrastive
loss to ensure that the derived prompts effectively capture
domain-specific properties of the input image. This loss en-
courages the anchor context prompts to be distinguishable
from those of different domain characteristics, while being
closer to those from the anchor domain. With the proposed
domain-aware prompt, the model accurately identifies tar-
get classes while being aware of the input domain.

Moreover, we strive to provide better domain robust-
ness guidances to the visual encoder and decoders. We
carefully organize the texture perturbations with structure-
preserving image transformations, ensuring that the original
visual context remains intact. Instead of simply reusing the
original ground truths for novel domain images, we intro-
duce domain-robust consistency loss to guarantee reliable
predictions under severe domain shifts. The loss consists
of class consistency and mask consistency losses, which
penalize discrepancies between class and mask predictions
of given image pairs, respectively. Furthermore, domain-
robust consistency losses are applied at every layer of the
transformer decoder, preventing discrepancies in earlier lay-
ers from propagating to later parts.

Through evaluations on various DGSS benchmarks, we
demonstrate the superiority of the proposed framework.
Notably, our framework achieves state-of-the-art seman-
tic segmentation performance across domain generalization
scenarios. Additionally, ablation studies and detailed anal-
yses validate the effectiveness of each component.
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2. Related Works

2.1. Domain Generalized Semantic Segmentation

Domain Generalized Semantic Segmentation (DGSS) aims
to learn domain-invariant representations that generalize ro-
bustly to various unseen target domains. The task assumes
a single-source setting, where only one dataset is available
during training. Unlike domain adaptation [8, 49, 66] and
test-time domain adaptation [53, 54, 57], access to target
domains is strictly prohibited, making DGSS more chal-
lenging. Previous studies approached DGSS in two ways
primarily: feature whitening and normalization [6, 37-39],
and domain randomization approaches [4, 14, 19, 24, 27,
28, 37, 38, 56, 59, 61, 62].

Feature whitening and normalization approaches [6, 37—
39] mainly focus on removing features which are variant
to domain shifts. Exploiting the characteristics of instance
whitening [30] and instance normalization [50] which can
effectively remove texture and style from the input im-
age, these approach leverages those operations in between
the backbone module to minimize the effect from domain
and texture changes. Representatively, RobustNet [6] in-
troduced instance selective whitening module that finds
gram matrix components sensitive to photometric changes
and minimize their changes. However, due to the natu-
ral difficulty in disentangling domain-specific and domain-
invariant features, these approaches show limited perfor-
mance gains.

Domain randomization approaches [4, 14, 19, 24, 27,
28, 56, 59, 61, 62] augment novel domains from the
source domain by modifying either the images or their
features through various methods, e.g. affine transforma-
tions [14, 20, 28, 56, 61, 62], image translation [59, 65],
frequency decomposition [4, 19],and photometric transfor-
mations [24]. Synthesized samples increase the domain di-
versity of the training dataset, reducing the domain gap be-
tween the learned representation and the test data. More-
over, most of the generative DGSS methods adopt context-
preserving transformations to compute the output discrep-
ancy between the original sample and the augmented one.
Representatively, SHADE [61] proposed a style consistency
loss to encourage model to learn invariant pixel-level se-
mantic information by minimizing the Jenson-Shannon Di-
vergence (JSD) between the output predictions of original
and augmented images.

Meanwhile, several studies [3, 10] have built DGSS upon
Mask2Former [5], that leverages attention mechanism [51]
renowned for robustness against domain shifts [16, 17, 46].
Mask2former [5] involves a transformer decoder that ex-
ploits object query features to group pixels of same objects
or categories. Based on this, HGFormer [10] first proposed
a hierarchical framework that groups pixels to form part-
level masks for complementing whole-level pixel group-

ing procedure. Similarly, CMFormer [3] utilizes down-
sampled features additionally via feature fusion which are
more domain-invariant than the original features.

2.2. Language-driven Domain Generalized Seman-
tic Segmentation

Recent studies [13, 21, 22, 36, 55] has investigated to ex-
ploit Vision Language Models (VLMs) [9, 23, 33, 40, 41,
45, 47] for DGSS, owing to its powerful generalizability
learned from large-scale datasets of image-text pairs. VLT-
seg [21] employs the image encoder of VLMs for initial-
izing backbone parameters, and fine-tune the network with
the segmentation objective function. FAMix [13] proposes
to yield class-specific novel styles by concatenating ran-
dom style description and class names, then performs style
randomization by locally mixing the source and the novel
styles. DAP [22] exploits text encoder to distill the se-
mantic textual knowledge of target categories to the visual
backbone. TQDM [36] points out deficient use of lan-
guage information in aforementioned works, and introduces
a textual-query driven framework for DGSS. They utilize
the textual description of each categories for initializing in-
put query features for transformer decoder, and also for
computing the text-to-pixel attention to enhance semantic
clarity of pixel features. Despite their advancements, we ar-
gue that two points are overlooked : (1) the domain discrep-
ancy between the learned textual prompt and the domain-
specific property of the input image (2) lack of domain ro-
bustness guidance. To mitigate these limitations, we care-
fully refine the textual queries with the captured domain-
specific property of the input image, and augment novel do-
main images to improve domain-awareness of the model as
well as prediction consistency learning.

3. Methods

3.1. Preliminaries

We design our DPMFormer based on mask classification
architecture, i.e., Mask2Former [5]. Mask2Former con-
sists of an image encoder ENCj, pixel decoder DECy,
and transformer decoder DEC;. The input RGB image
r € R¥>HXW g first fed to the image encoder for fea-
ture extraction, and then converted to pixel-wise features
z € RPXHXW through the pixel decoder. The transformer
decoder iteratively refines NV object queries ¢ € RV %% with
multi-scale image features from the pixel decoder. There-
after, refined object queries are projected into mask embed-
dings m € RY*P to generate pixel-level mask prediction
via dot product as ™ = m - z, g™k ¢ RNXHXW The
category label of each object query ¢ is predicted with a
linear classifier, i.e., ¢, € IRK, ¢ € RV*XK  The final
prediction result is derived by the matrix multiplication be-
tween the pixel-level mask prediction and class prediction
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Figure 3. Illustration of DPMFormer. We use Mask2Former [5] based architecture which consists of a backbone image encoder (EN C'),
a pixel decoder (D ECyix), a transformer decoder (D ECy), and a text encoder (ENC'r). During training, we synthesize images with a
novel domain style via texture perturbation. Both images are incorporated to compose a batch and exploited for learning domain-awareness

(Sec. 3.2.1) and domain-robustness (Sec. 3.2.2).

of queries as § = ¢! - sk

Furthermore, inspired by [36], we employ a text encoder
ENCr for initializing object queries from textual descrip-
tions. Pre-trained vision language mdoels (VLMs), e.g.,
CLIP [41], is exploited to initialize both ENC; and ENCr
parameters, and the parameters of ENCr remain frozen dur-
ing training to preserve learned linguistic knowledge. The
text encoder ENCr produces a text feature ¢, € R€ corre-
sponding to each class label class; with a learnable context
prompt p, i.e., t, = ENCr([p,{class}]). Then, obtained
text embeddings t = {t;}5 |, € RE*C are passed to a
multi-layer perceptron (MLP) to derive initial textual ob-
ject queries ¢Y. Also, the text-to-pixel attention mechanism
is established in a pixel decoder layer to enhance pixel se-
mantic clarity enhancement.

QGRKXHXW
s .

3.2. DPMFormer

As illustrated in Fig. 3, Domain-aware Prompt-driven
Masked Transformer (DPMFormer), aims to cultivate two
core aspects of domain generalization for the model:
domain-awareness and domain-robustness. For domain-
awareness, we propose the domain-aware context prompt
learning which translates domain-specific property of the
input image into the text embedding for semantic align-
ment between textual and visual features. And for domain-
robustness, we encourage the model to generate accurate
outputs against textural changes via consistency learning.

Texture perturbation. In order to effectively guide the
model with diverse domain characteristics, we stylize the
training dataset to generate an auxiliary domain dataset.
Following RobustNet [6], we adopt photometric transfor-
mations—comprising strong color jittering, gaussian blur

and noise injection—for their simplicity as well as content-
preserving property. The generated image x’ is combined
with its original image x to form a batch for training.

3.2.1. Domain-aware context prompt learning

Textual query generation and prompt learning [64] plays a
crucial role in enabling the model to leverage the linguistic
semantics of each class previously learned by the VLM. Al-
though the learned context prompt is beneficial for perfor-
mance improvement, it is optimized solely within the source
domain without direct consideration of domain shifts. This
single context prompt may yield strong results on several
domain shift scenarios where target domain has similar do-
main characteristics with the source. However, in cases of
severe domain shift, the performance gain may be limited
due to the contextual mismatch between the target domain
image and the learned prompt. For example, if the prompt
learning is conducted on a dataset containing only sunny
day images, the learned prompt is could be misaligned when
encountering rainy night scenes. As such, the semantic mis-
alignment should be addressed in order to fully utilize rich
semantic knowledge of pre-trained VLM. To this end, we
propose to generate domain-aware context prompt that ex-
tracts domain-specific properties from the input image as a
context prompt.

To obtain domain-aware context prompt from the in-
put image x, we design an auxiliary network hg(-) that
takes visual feature as an input and generates a domain-
specific prompt embedding 7, = hg(F(x)), where F(x)
denotes a visual feature extracted from a frozen visual back-
bone of CLIP [41]. We use the class token as a visual
feature F (z) for its global representation [11]. Nextly,
the obtained domain-specific prompt embedding 7, is in-
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tegrated with the context prompt embedding p through ad-
dition, i.e., p, = p + m,, then concatenated with text em-
beddings of classes to generate domain-aware textual fea-
tures as t, , = ENCrp([pg, {class;}]). To encourage de-
rived textual features to include domain-specific informa-
tion of the input image, we introduce a novel domain-aware
contrastive learning framework with the original and aug-
mented images. The loss function is depicted as follows:

1 2B Zjer exp sim(m;, ;) /T

['contra = T a5 Z log . A ) ] 5

2B = 7 ) iepun; expsim(mi, ;) /T
6]
where sim(-) means similarity metric and 7 is a tempera-
ture parameter. B denotes the batch size of original images,
P; and N; are positive sets and negative sets of the i-th im-
age, respectively. The positive set P; is composed of the
indices of samples having same domain characteristics with
the anchor 7 whereas the others belong to negative set ;.
For example, when an anchor i is of original source do-
main images, other original source domain images belongs
to P; while all augmented images are included in ;. In
case of an augmented image as an anchor, P; = {i} and
N; = {1,...,2B} \ i. With the proposed loss, we en-
courage hg to capture domain-specific property of the im-
age and reflect it to the output text feature ¢5. Also, the final
domain-aware text feature is guided by the task loss L4 to
be aligned with the original image and to minimize segmen-
tation errors. We note that the proposed loss considers the
domain information unlike CoCoOp [63] which treats P;
as the text feature corresponding to a specific image feature
while the remaining images forming the negative set. We

provide comparative analysis with CoCoOp in Sec.4.4.2.

3.2.2. Domain-robust consistency learning

To further enhance the domain robustness, we encourage
model to generate persistent predictions in the domain shift
scenario. To enhance prediction consistency, we induce the
model to minimize the prediction discrepancy in terms of
the mask and class label as follows:

S
~mask ~,mask
[fcons = Z )\mc : ‘cmc(y;nag >yls

s=1

) + )\cc : ‘Ccc(équw éqé,s)'
2

S denotes the number of transformer blocks in the trans-
former decoder, and L. and L. represent the mask and
class consistency losses, respectively. To compute the

loss at the s-th transformer decoder block, we obtain

~mask A/mask P A 3 ]
{98, y's ) and {5, ¢ s} which are pairs of mask

predictions and class predictions of ¢-th query g; from the
original and augmented image pair {x,z'}, respectively.
We employ binary cross entropy and Jensen—Shannon di-
vergence as a discrepancy measure of the mask consistency

loss (L,,c) and class consistency loss (L..), respectively.
With the help of domain-aware context prompts and above
losses, our model learns to predict not only accurately but
also consistently in various domain shift scenarios during
training.

3.3. Overall Loss Functions

The overall loss of our framework is a weighted sum of the
task loss Lys, VLM regularization loss L., domain-aware
contrastive 10ss Lcona, and the consistency 10ss Leons-

['total = ‘CSCg + )\regﬁreg + )\contraﬁcontra + )\COHSECOHM (3)

where {Areg; Acontra; Acons } are constant weighting factors.
We note that Ly and Leons are calculated with all queries
and its predictions from every block of the transformer de-
coder. We provide details of the baseline losses (Lgcg, Lreg)
in the supplementary.

4. Experiments

4.1. Implementation Details

Datasets. We validate DPMFormer on synthetic-to-real and
real-to-real scenarios in the single-source setting.
Synthetic datasets. GTAV [42] is a representative synthetic
dataset which consists of 24,966 images with a resolution
of 1914x1052. The training split contains 12,403 images,
while the validation and test set are of 6,382 and 6,181 im-
ages, respectively. SYNTHIA [43] dataset provides 6,580
images for training and 2,820 images for validation respec-
tively, with the image resolution at 1280 760.

Real-world datasets. Cityscapes [7] is a dataset collected
from the real environment. The resolution of each image
is 2048x 1024, and the population of training and valida-
tion split is 2,975 and 500, respectively. BDD100K [58]
includes 7,000 training images and 1,000 validation images
with the resolution of 1280x720. Mapillary [34] is com-
posed of images with diverse resolution, where the training
and validation size is 18,000 and 2,000, respectively.
Network architecture. Our approach leverages the vision
transformer-based models as backbones, initialized with ei-
ther the CLIP [41] (ViT-B) or EVAO02-CLIP [45] (EVA02-L)
model. The CLIP backbone is configured with a patch size
of 16, while the EVA02-CLIP backbone uses a patch size of
14. For the pixel and transformer decoder, aforementioned,
we employ a mask classification architecture [5], consisting
of N = 9 layers with masked attention mechanisms. Ad-
ditionally, we design the auxiliary network hy for domain-
aware context prompt generation as a shallow multi-layer
structure (BatchNorm-Linear-RelLU-Linear).

Training and evaluation. To optimize DPMFormer, we
employ an AdamW [32] where the learning rate is set
as 1 x 107° and 1 x 10~* for synthetic and real train-
ing datasets, respectively. Following previous transformer-
based studies [18, 36], we apply linear warm-up [15] for
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Models (GTAV) Backbone  Cityscapes BDD Mapillary Avg.

SAN-SAW [39] ResNet-101 45.33 41.18 40.77 42.43
WildNet [28] ResNet-101 45.79 41.73 47.08 44.87
SHADE [61] ResNet-101 46.66 43.66 45.50 45.27
TLDR [27] ResNet-101 47.58 44.88 48.80 47.09
FAMix* [13] ResNet-101 49.47 46.40 51.97 49.28
SHADE [61] MiT-B5 53.27 48.19 54.99 52.15
IBAFormer [44] MiT-B5 56.34 49.76 58.26 54.79
VLTSeg* [21] ViT-B 47.50 45.70 54.30 49.17
TQDM* [36] ViT-B 517.50 47.66 59.76 54917
DPMFormer* (ours)  ViT-B 59.00 51.80 63.62 58.14
VLTSeg** [21] EVA02-L 65.60 58.40 66.50 63.50
Rein** [55] EVA02-L 65.30 60.50 64.90 63.60
Reinf ViT-L 66.40 60.40 66.10 64.30
TQDM** [36] EVA02-L 68.88  59.18  70.10  66.05
DPMFormer** (ours) EVA02-L 70.08 60.48 70.66 67.07

Table 1. Comparison with the state-of-the-art DGSS methods on
synthetic-to-real scenario with GTAV [42] as a source. We note
that *, ** and { denotes the models initialized with pretrained
CLIP [41], EVAO2-CLIP [45], and DINOv2 [35], respectively.
The best and the second best performances are highlighted with
bold and underline, respectively.

Models (Synthia) Backbone  Cityscapes BDD Mapillary Avg.
SAN-SAW [39] ResNet-101 40.87 35.98 37.26 38.04
TLDR [27] ResNet-101 42.60 35.46 37.46 38.51
IBAFormer [44] MiT-B5 50.92 44.66 50.58 48.72
VLTSeg** [21] EVA02-L 56.80 50.50 54.50 53.93
TQDM** [36] EVAO2-L 57.99 5243 5487  55.10
DPMFormer** (ours) EVA02-L 58.92 54.39 60.08 57.80

Table 2. Comparison with the state-of-the-art DGSS methods
where SYNTHIA [43] is set as a source dataset.

initial 1,500 iterations and rare class sampling [18]. The
optimizer settings are identical for both CLIP and EVA02-
CLIP backbone models. We set the total training iterations
and the batch size as 20,000 and 8, respectively. Weighting
factors { Areg, Acontra, Acons } are set as 1, 1, 10. We crop the
input image to have a resolution of 512x512. The texture
perturbation is only applied during training. We use mean
Intersection over Union (mloU) [12] to quantitatively eval-
uate the results following the convention.

4.2. Quantitative Results

Synthetic-to-real. As shown in Tab. 1, we achieve state-
of-the-art in every target domain with both backbones. No-
tably, with the ViT-B backbone initialized with pretrained
CLIP [41], DPMFormer consistently surpasses previous
state-of-the-art [36] by 3.17% on average mIoU among tar-
get domains. In detail, on Cityscapes which contains mostly
daytime real images, the domain robustness empowered by
consistency learning assists DPMFormer to cope with the
domain gap caused by visual realism, improving the state-
of-the-art performance by 1.5%. Meanwhile on BDD100K
and Mapillary which have higher environmental variation
in terms of weather, time and location, the domain-aware
prompt generation enables the model to adaptively leverage

Models (Cityscapes)

SAN-SAW [39]
WildNet [28]

Backbone BDD Mapillary Avg.

ResNet-101  54.73 61.27 42.43
ResNet-101  47.01 41.73 44.87

SHADE [61] ResNet-101  50.95 43.66 45.27
TQDM* [36] ViT-B 50.54 65.74 58.14
DPMFormer* (ours) ViT-B 54.81 67.72 61.27

HGFormer [10] EVA02-L  61.50 72.10 66.80
VLTSeg** [21] EVA02-L  64.40 76.40 70.40
Rein** [55] EVAO2-L  64.10 69.50 66.80
Reinf ViT-L 65.00 72.30 68.65
TQDM [36]** EVAO2-L  64.72 76.15 70.44

DPMFormer** (ours)  EVAO02-L 64.2 76.67 70.44

Table 3. Comparison with the state-of-the-arts trained with
Cityscapes [7] on the real-to-real scenario.

the textual knowledge for segmentation, impressively esca-
lating the performance by 4.14%, and 3.17%, respectively.
Moreover, even with the larger backbone [45], we mark
the highest average performance of 67.07%. In Cityscapes
and Mapillary dataset, we outperform TQDM [36] by 1.2%
and 0.56% respectively, while nearly reaching the score of
Rein [55] in BDD. The overall results demonstrate the supe-
riority of DPMFormer, emphasizing the efficacy of domain-
awareness as well as domain-robustness.

In Tab. 2, we also present synthetic-to-real results where
SYNTHIA [43] is set as a source domain. Again, DPM-
Former outperforms all competitors by a large margin,
achieving the state-of-the-art performance in every target
domain. Remarkably, our framework surpasses the previ-
ous state-of-the-art [36] by an average of 2.7% mloU across
target domains. In particular, the performance on Mapil-
lary [34] improves significantly by 5.21%. These results
demonstrate the effectiveness of DPMFormer in addressing
the domain gap in terms of texture and perspective.
Real-to-real. Furthermore, as shown in Tab.3, DPMFormer
records the highest average mloU with both backbones.
With the CLIP-pretrained backbone, we significantly boost
the state-of-the-art performance by 4.27% and 1.98% on
BDD and Mapillary, respectively. These results indicate
that enhanced domain robustness supports the model in
predicting consistently under environmental changes, while
the domain-aware prompts facilitate the semantic align-
ment on the unseen domain. As a result, DPMFormer suc-
cessfully achieves an average performance gain of 3.13%
over the previous state-of-the-art. Equipped with the EVA-
CLIP [45] pretrained backbone, we attain the highest mloU
of 76.67% on Mapillary, while performing slightly lower on
BDD. Overall, the average performance is 70.44%, which is
comparable to TQDM [36].

4.3. Qualitative Results

In Fig. 4, we qualitatively compare our method with
FAMix [13] and TQDM [36] on the synthetic-to-real sce-

20796



FAMix [13]

BDD100K
(58]

TQDM [36]

Mapillary
[34]

4 i
road build. — wall BEGE trlight

ign terrain person rider car truck bus train __m.bike bike

Figure 4. Qualitative comparison on synthetic-to-real scenario with the CLIP-pretrained backbone (ViT-B). The training source domain is
set as GTAV [42] while the target domains are BDD100K [58] and Mapillary [34]. The overall result shows that DPMFormer accomplishes
precise segmentation with the images of strong illumination contrast as well as confusing textures.

nario with the pretrained CLIP backbone (ViT-B). As de-
picted in the results on BDD100K, both competitors strug-
gle to discriminate accurately under environments having
confusing textures or large variations of illumination. In
particular, the road in the first-row image has a texture
similar to the exterior of a car, leading TQDM to a mis-
match between the visual and textual features. In addi-
tion, FAMix shows sensitivity to the shades, mislabeling the
road as a sidewalk. On the contrary, our method effectively
distinguishes the road from other categories by reflecting
the domain-specific properties of real-world roads in clear
weather. In the case of the second row image with the high
illumination contrast, both FAMix and TQDM fail to no-
tice sidewalks in the image due to their low brightness. On
the other hand, DPMFormer carries out precise predictions
under severe photometric changes owing to the domain ro-
bustness acquired from handling diverse texture changes.

As observed with the samples from the Mapillary (the
third and fourth rows), FAMix and TQDM lack discrim-
inability between the road and the sidewalk. To be specific
with the first image (third row), these classes appear to have
a similar color and texture, resulting in misclassifications.
Meanwhile, the domain-specific properties from the image
transfer the semantic knowledge of the appearance of real-
world sidewalk to the model, DPMFormer accurately distin-
guish between the road and the sidewalk. With the second
image, TQDM [36] shows vulnerability against small textu-
ral changes on the sidewalk (e.g., shades of the poles). Con-
trarily, DPMformer effectively performs segmentation ow-

ing to its domain-robustness as well as the obtained domain-
aware textual queries.

4.4. Analysis
4.4.1. Ablation studies

To demonstrate the effectiveness of the components in
DPMFormer, i.e., texture perturbation, domain-robust
consistency learning (L.ons), and domain-aware context
prompt learning (L ontrq), We conduct ablation studies with
the CLIP pretrained backbone on synthetic-to-real scenario.
As presented in Tab. 4, every component contributes to the
performance gain. Specifically, the texture perturbation en-
larges the observable domain during training, boosts the av-
erage performance by 0.65%. In addition with the L.y, the
model successfully equips the robustness against domain-
shift and enhances the prediction accuracy on unseen target
domains, increasing the average mloU by 0.77%. Further-
more, Leonga allows the model to acquire domain-specific
property from the input image in the form of textual prompt
embedding. Consequently, the model exploits both visual
and textual cues properly aligned for the target domain,
considerably elevate the average mloU by 1.99%. Combin-
ing all components together, DPMFormer effectively learns
both domain-awareness and domain-robustness to generate
accurate results consistently on unseen target domains.

4.4.2. Comparison with prompt learning methods

In Tab. 5, we compare our domain-aware context prompt
learning (Lconwa) With previous prompt learning meth-
ods [25, 26, 63] to validate the efficacy for domain gen-
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Models (GTAV) Cityscapes BDD Mapillary Avg.

Lcontra (GTAV)  Cityscapes BDD  Mapillary  Avg.

Baseline 57.5 47.66 59.76 54.97
+ Perturbation 57.04 48.19 60.91 55.38
+ Leons 58.22 49.39 60.84 56.15
+ Leontra 59.0 51.8 63.62 58.14

Table 4. Ablation study of proposed components. The models
are trained on GTAV with CLIP pretrained backbone (ViT-B). The
best performance for each column is highlighted in bold.

Derson_ridercar __t
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Figure 5. Qualitative results on diverse styles, i.e., Minimalist, Pop
Art, Bauhaus, and Cubism. The models are trained on GTAV with
CLIP pretrained backbone (ViT-B).

eralization. Given the textual features ¢ = ENCrp(p.)
and visual features v = F' (z), the contrastive loss of Co-
CoOp [63] encourages the similarity between the anchor
text feature and its corresponding visual feature to be higher
than others. As observed in the second row, CoCoOp
marginally improves the performance of prompt generator
hg, indicating that the generated feature become instance-
specific which is less generalizable to other domains. More-
over, additionally assigning the visual feature from aug-
mented sample as positives (CoCoOp™) resulted in negli-
gible performance gain, since the derived prompt contains
domain-invariant information rather than domain-specific
properties. Furthermore, although both MaPLe [25] and
PromptSRC [26] employ multi-modal prompts, their perfor-
mance gains are modest due to the limited generalizability
of fixed prompts. On the other hand, our domain-aware con-
trastive loss design enable the model to proficiently capture
domain-specific property from the image which are more
helpful for the semantic alignment between the visual fea-
tures and the textual knowledge. From the fifth to the eighth
row, we verify Lcon, With different similarity calculation
targets for sim(-), i.e., text features ¢, text and visual fea-
tures (¢, v), and (3) output context embeddings 7. The re-
sults confirm that computing the domain-aware contrastive
loss empowers the domain generalizability especially when
computed with the context embeddings m which can pro-
vide direct domain guidance to hg.

- 57.65 49.63 61.10 56.13
CoCoOp [63] 57.84 4991 61.33 56.36

CoCoOp™ 57.60 50.04 60.96 56.20
MaPLe [25] 57.87 50.12 61.04 56.34
PromptSRC [26] 58.10 49.73 62.51 56.78
Ours (sim(Z, 1)) 58.17 50.18 61.37 56.57

Ours (sim(t,v)) 59.49 50.34 62.18 57.34
Ours (sim(7, 7)) 59.00 51.80 63.62 58.14

Table 5. Comparison with prompt learning methods [25, 26, 63] in
synthetic-to-real scenario. — denotes DPMFormer without Lcontra-
CoCoOp™ indicates the modified loss that additionally include the
feature from augmented sample of anchor as positives. ¢, v, and 7
refers to the text feature, visual feature, and context embedding.

4.4.3. Qualitative results on diverse styles

To further verify the domain generalization capability of
DPMFormer, we compare our model with TQDM [36] on
images with diverse artistic styles generated by ChatGPT'.
As shown in Fig. 5, DPMFormer correctly predicts objects
and their surroundings even in severe domain shift scenar-
ios, e.g., Cubism. With modern art styles (i.e., Minimal-
ist, Pop Art, and Bauhaus), TQDM perplexes among road,
sidewalk, and terrain due to their textural changes. Notably,
DPMFormer produces more reliable results owing to the en-
hanced robustness against texture variations that are learned
from the texture perturbation and consistency learning. In
case of the scene in cubism style, TQDM mispredicts the
person on the left side because of its visual similarity with
the person in the traffic sign. On the other hand, our method
reflects the cubism style to the textual object queries, mak-
ing an accurate classification with the same instance.

5. Conclusion

In this paper, we presented DPMFormer, a novel domain
generalization framework for semantic segmentation. To
address the limited generalizability of fixed context prompt
learned from a single source dataset, we introduced a novel
domain-aware prompt learning which can reflect domain-
specific properties of the input image into textual prompts.
The proposed component enhanced the semantic alignment
between visual and textual cues, assisting the model to
fully leverage the abundant semantic knowledge of VLMs.
Moreover, to empower domain-robustness, we simulated
various domain shifts via texture perturbations, and pro-
vided consistency guidance to the model by minimizing
prediction discrepancies between original and augmented
images. Through extensive experiments and analyses, we
demonstrated the effectiveness of DPMFormer, achieving
state-of-the-art performance on various benchmarks.

Uhttps://chat.openai.com
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