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Abstract

When models, e.g., for semantic segmentation, are ap-
plied to images that are vastly different from training data,
the performance will drop significantly. Domain adapta-
tion methods try to overcome this issue, but need samples
from the target domain. However, this might not always
be feasible for various reasons and therefore domain gen-
eralization methods are useful as they do not require any
target data. We present a new diffusion-based domain ex-
tension (DIDEX) method and employ a diffusion model to
generate a pseudo-target domain with diverse text prompts.
In contrast to existing methods, this allows to control the
style and content of the generated images and to intro-
duce a high diversity. In a second step, we train a gener-
alizing model by adapting towards this pseudo-target do-
main. We outperform previous approaches by a large mar-
gin across various datasets and architectures without using
any real data. For the generalization from GTA5, we im-
prove state-of-the-art mIoU performance by 3.8 % absolute
on average and for SYNTHIA by 11.8 % absolute, mark-
ing a big step for the generalization performance on these
benchmarks. Code is available at https://github.com/
JNiemeijer/DIDEX

1. Introduction
In recent years, the success of deep learning has led to

significant advancements in the field of computer vision,
e.g., for semantic segmentation. For this task, the usage
of synthetic data is particularly interesting as manual data
labeling is time- and cost-intensive. Synthetic data can
be valuable for training as well as validation, since it al-
lows the simulation of rare and dangerous events. How-
ever, it is still challenging to deploy models trained on syn-
thetic data in real-world settings with varying data distri-

* indicates equal contribution

Figure 1. Overview showing a block diagram of our diffusion-
based domain extension (DIDEX) method (step 1), followed by
the generalization-by-adaptation process to the newly generated
pseudo-target domain DPT (step 2).

butions due to large domain shifts towards real-world data
[29, 48]. One approach to overcome this problem is by
unsupervised domain adaptation (UDA) [42], where unla-
beled data from a real target domain is available to adapt
to [3, 13, 22, 27, 30, 31, 46, 51, 55]. Some approaches also
perform this task source-free [22] or in a continual man-
ner [21, 46]. Recently, vision transformer models [9, 52]
caused a significant increase in performance and reducing
the domain gap with DAFormer [14] being the initial work.
All these methods rely on access to target domain data to
adapt to this particular domain. In practice, this data might
not always be available due to various reasons. Data collec-
tion can be difficult, because, e.g., adverse weather condi-
tions such as fog, rain, and snow do not constantly occur,
and sometimes the target domain cannot be anticipated at
all. Consequently, the field of domain generalization (DG)



emerged where no data from the target domain is available
at all and the task is to generalize from only a single, usu-
ally synthetic, source domain to unseen and unknown tar-
get domains [2, 18, 23, 32, 34, 58]. Style transfer methods
such as AdaIN [19] are widely used in UDA, especially in
combination with other techniques [13, 49, 50]. For domain
generalization these methods cannot be used since no target
domain guidance is available for the style transfer. For this
reason, the majority of DG methods performs style random-
ization or augmentation to alter the visual appearance of the
source domain [18,20,23,35,44,58]. However, these meth-
ods reveal two major issues. First, many of them require
additional real data from auxiliary domains [18, 20, 23, 35],
which disrupts the idea of domain generalization. Second,
the style randomization is difficult to control and often leads
to limited diversity, as mostly only textures are changed.

In this work, we propose a novel method that tackles
the domain generalization problem by diffusion-based do-
main extension (DIDEX). Diffusion models have demon-
strated remarkable capabilities in capturing complex distri-
butions and semantics and generating realistic samples with
high quality [7, 12, 38, 43]. Our method allows not only to
generate realistic pseudo-target images from synthetic im-
ages but also to alter important parameters such as loca-
tion, time, weather conditions and semantic content via text
prompts. We use these capabilities to generate a realistic
looking pseudo-target domain as shown in Figure 1. Dif-
fusion models have severe limitations in the semantic con-
sistency of the generated output [60] w.r.t. the input image.
To address these limitations, we draw inspiration from the
field of unsupervised domain adaptation (UDA) and define
the diffusion data as the target domain for our adaptation
process. The key contributions of this paper are as follows:

• We propose a new method leveraging diffusion models
for domain transfer, enhancing our model’s ability to
generalize across domains without accessing real data.

• By utilizing UDA techniques, we overcome the seman-
tic inconsistency limitation of diffusion models, ensur-
ing improved domain generalization performance.

• We report results on common benchmarks, where our
method outperforms the state-of-the-art domain gener-
alization methods by a large margin.

2. Related Work
In this section, we will give a brief overview on the re-

lated methods for unsupervised domain adaptation, domain
generalization, and diffusion models.

2.1. Unsupervised Domain Adaptation (UDA)

UDA methods are clustered into input, feature, output
and hybrid adaptation approaches [42]. Our method has

similarities to the idea of UDA input space adaptation where
the aim is to style transfer the visual appearance between
the source and target domain. Often a CycleGAN [64] is
utilized for a semantically consistent style transfer, usually
in conjunction with other methods [8, 11, 13, 26, 54]. In the
feature space, contrastive learning methods such as SePiCo
[51], UCDA [59], ProDA [61], CPSL [24] and CON-
FETI [25] obtained significant improvements. DAFormer
[14], HRDA [15] and MIC [17] are transformer-based ap-
proaches improving the state-of-the-art performance sig-
nificantly by using a slightly modified SegFormer [52]
architecture and employing methods such as rare class
sampling, feature distance, teacher-student training, self-
training, multi-resolution training and masked image con-
sistency. Benigmim et al. [1] proposed a data augmentation
technique using a finetuned text-to-image diffusion model
for one-shot unsupervised domain adaptation.

2.2. Domain Generalization (DG)

Domain generalization methods for semantic segmenta-
tion try to overcome the domain gap by either constraining
learned feature distributions or randomizing distributions by
augmentation or extension during training.

Pan et al. proposed IBN-Net [32] as one of the first
DG approaches and employed instance-batch normalization
(IBN), which is more robust w.r.t. appearance changes.
Further approaches utilize instance whitening to decorre-
late features from different layer channels and thereby re-
moving style-related information. Pan et al. [33] proposed
an approach which can switch between different whitening
and normalization techniques depending on the task. Ro-
bustNet [5], DIRL [53], and SAN+SAW [34] all proposed
improvements such as a better guidance of the whitening
process by a so-called sensitivity-aware prior module [53]
or semantic-aware whitening and normalization [34].

Domain randomization can be separated into approaches
that require additional real-world data (auxiliary domains)
and those which do not need it. Yue et al. [58] proposed
one of the first domain randomization methods combining
domain randomization and pyramid consistency (DRPC),
enforcing semantic feature consistency between differently
stylized images with transferred textures from ImageNet.
Similarly, Huang et al. [18] with FSDR employ style ran-
domization in the frequency space, Peng et al. [35] use
painting for their style randomization and WildNet by Lee
et al. [23] applies style randomization in conjunction with
contrastive and consistency learning. Kim et al. [20] utilize
style randomization with internet sampled images and self-
training similar to UDA approaches. In contrast to these
methods, our proposed method can be seen as a more struc-
tured distribution randomization without the need for real-
world auxiliary domains.

Only few works perform style randomization without



Figure 2. Simplified representation of different domain distributions and the effects of domain adaptation and generalization methods.
Shown in (a) are the initial distributions for a source domain DS and two target domains DT1 and DT2 . In (b), the effect of domain
adaptation from DS to a specific target domain DT1 is shown. In (c), the effect of commonly used domain generalization methods is
shown that broaden the source distribution, e.g., via data augmentation, but in a less directed manner. In (d), we show the effect of our
proposed method, were we perform a domain extension and generate a pseudo-target domain DPT that also covers the distributions of
multiple target domains (DT1 and DT2 ). For the purpose of clarity, only K =2 target domains are shown here. In the remainder of this
paper, by default, we employ K=4 target domains for the evaluation.

additional real data. AugFormer by Schwonberg et al.
[41] showed that simple augmentations can significantly in-
crease domain generalization. Similarly, Sun et al. [44] pro-
posed a strong style randomization in the CIELAB color
space. Zhong et al. [63] proposed to alter the channel-
wise mean and standard deviation in an adversarial manner
to generate stylized images which are hard to segment for
the model. SHADE by Zhao et al. [62] introduces a style
hallucination module which is based on farthest point sam-
pling and generates new diverse samples by a linear com-
bination of the basic styles. Bi et al. [2] proposed CM-
Former which is the first DG approach tailored towards vi-
sion transformers. It fuses low and original resolution in
a so-called content enhanced mask attention. In contrast,
our approach is independent from the architecture. Gong et
al. [10] proposed PromptFormer as the first DG approach
utilizing diffusion models. However, their method funda-
mentally differs from ours since they employ a diffusion
backbone for domain-invariant pre-training, where scene
and category text prompts help the model to disentangle
domain-variant and invariant information. They also em-
ploy a consistency loss to enforce same predictions under
different input prompts.

2.3. Diffusion Models

Diffusion models for image synthesis recently emerged
and outperform the long established standard using GANs
[7]. Several improvements were proposed to accelerate the
image generation, namely denoising diffusion probabilis-
tic models (DDPMs) [12] and denoising diffusion implicit
models (DDIMs) [43]. Rombach et al. proposed latent
diffusion models (LDMs) sometimes referred to as stable
diffusion models which reduce the training and inference
time and enable text-to-image and image-to-image genera-

tion. Based on this, several extensions and improvements
were proposed such as stable diffusion XL (SDXL) [36]
or ControlNet [60], which offers the possibility to con-
strain the generation process with different additional inputs
such as depth or semantics.

3. Proposed Method
In this section, we will describe the approach on the text

prompt generation of our new diffusion-based domain ex-
tension (DIDEX) method. Subsequently, we will describe
the generalization-by-adaptation approach.

3.1. Diffusion-Based Domain Extension

The general approach and text prompt generation will be
introduced in the following in detail.

3.1.1 General Approach

We define an input image as xn ∈ GH×W×C , with G de-
noting the set of integer color intensity values, H and W
image height and width in pixels, and C = 3 the num-
ber of color channels, respectively. Images in a dataset
with N images are indexed n ∈ {1, 2, ..., N}. A seman-
tic segmentation network M maps xn to an output map
yn = (yn,i,s) ∈ IH×W×S with posterior probabilities
yn,i,s = P (s|i,xn) for each class s ∈ S at pixel index
i ∈ I = {1, 2, ...,H ·W}. Here, S = {1, 2, ..., S} denotes
the set of S classes and I = [0, 1]. Superscripts “S” and “T”
on xn and yn denote the domain from which the variables
stem, with, e.g., DS being the source domain and DT being
the target domain. With domain generalization, the aim is
to generalize to multiple unseen domains so the target do-
mains DTk are indexed with k ∈ K = {1, 2, ...,K}, where
K is the total amount of target domains that the method



will be evaluated on. The crucial advantage of diffusion
models is the prompt-based control of the generated image.
That enables us to define the content and style of the gener-
ated images and create a pseudo-target domain DPT. Two
different strategies for the generation of pseudo-target do-
mains are possible. First, a specialized pseudo-target do-
main could be created, if some information regarding the
target domains are available, such as location, weather, etc.
In our approach, however, we aim for a domain generaliza-
tion without any assumptions about the target domains and
generate DPT with high diversity to cover a wide range of
possible target domain distributions as shown in Figure 2
(d). We formulate the objective to generate a pseudo-target
domain, which is the union of all relevant target domains as

DPT ≈
⋃
k∈K

DTk , (1)

where DTk denotes the relevant target domains. In our do-
main generalization setting we only have a single source
domain distribution available to obtain DPT. We use the
diffusion model to extend the initial source distribution into
the more diverse and wider pseudo-target distribution. A
single image of DPT can be obtained by:

xPT
n = Υ(xn,Φn) (2)

where Υ denotes the diffusion model and Φn the text
prompt. The generated pseudo-target domain provides the
crucial advantage that we have a target domain available
that can be used for adapting the segmentation network as
shown in Figure 2 (d). Compared to other DG approaches,
this is a novel and unique feature of our method and enables
us to obtain generalization by adaptation.

Semantic consistency: We observed that semantic or
structural consistency of the image-to-image generation
is often not given for complex urban street scenes, i.e.,
pedestrians or cars can disappear and the semantic con-
tent of the pixels is changed (see Figure 4). Directly us-
ing the synthetic labels for the pseudo-target domain is
therefore not possible. However, we assume that a cer-
tain structural and semantic consistency is also beneficial
for the adaptation in step two and for this reason we em-
ploy depth-guided Stable Diffusion 2.0 [38] and
ControlNet [60], which offer a higher structural and se-
mantic consistency. Both extend the image generation to

xPT
n = Υ(xn,C(xn),Φn) , (3)

where C is a constraint based on the image xn, e.g., by
canny edge extraction, depth or semantic prediction.

3.1.2 Text Prompt Generation

Text prompts are crucial for the class distribution of the
pseudo-target domain, since the prompts determine the style

Figure 3. Block diagram of the text prompt generation from Fig-
ure 1 providing Φn. The operation in the circles denotes a con-
catenation. Concatenation of φCUS and φcon is optional. Class-
uniform sampling (CUS) is described in (4). The rarest class in the
example histogram On(s) is marked in orange.

and content of the generated images. To the best of our
knowledge, there are no existing strategies how to design
text prompts for diffusion models in the context of complex
urban street scenes. For this reason, we developed a new,
systematic and modular text prompt generation that is visu-
alized in Figure 3. Our text prompt strategy aims at varying
the image content and style at different levels, introducing
as much diversity as possible into the pseudo-target domain.
To design the building blocks of the prompts, we considered
major causes of real-to-real domain shifts as a guidance.

The start of each prompt is φstart
n =

“A high quality photo;” We observed that particularly
emphasizing photorealism with prompts such as "real" or
"photorealistic" did not improve the realism of the output.
The location shift between different countries or conti-
nents is important in automated driving so we include
a set of different countries and regions to include
their style and content in DPT . We concatenate a
geographic location to the start prompt by choosing
either a location φloc

n ∈ {“Europe”,“Germany”}
or a location from an extended location set φloc+

n ∈
{“Europe”,“Germany”,“USA”,“China”,“India”}.
We are aware that this set of locations is not globally
comprehensive and may have a significant impact on
the domain generalization performance. We leave an
extensive study with more regions of the world for future
work. Subsequently we concatenate a traffic location
φtfc

n ∈ {“_”(blank),“highway”,“city”}. The blank
denotes that no traffic location is provided.

Present class prompting: We utilize the GTA5 seg-
mentation label map yDS

n to identify and to concatenate all
classes that are present in the current image. This serves
as an additional guidance on which classes φcls

n ⊆ S the
diffusion model should include in the output.

Class-uniform sampling (CUS): Optionally, we intro-



duce a class-uniform sampling (CUS) to mitigate the unbal-
anced class distribution by tracking the number of times a
class occurred in the synthetic source images and concate-
nating the least often seen class to the prompt. For each im-
age with index n, we utilize the segmentation labels from
the respective source image yDS

n to update a histogram with
the class occurrences On(s). We then concatenate the rarest
class name to the prompt:

φCUS
n = class(argmin

s∈S
(On(s))). (4)

After concatenating the rarest class to our prompt, we sub-
sequently increase the counter for this class. This leads to a
more uniform class distribution in our domain extension.

Image conditions: Adverse weather or visibility condi-
tions are a challenge for autonomous vehicles and we there-
fore also represent these shifts in our pseudo-target domain
by adding one of the following words to the prompt:

φcon
n ∈ {“rain”,“fog/mist”,“snowy”,“sunny”,

“overcast”,“stormy”,“overexposure”,

“underexposure”,“evening”,“morning”,

“night/darkness”,“backlighting”,

“artificial lighting”,“harsh light”,

“dappled light”,“sun flare”,“hazy/haze”,

“spring”,“autuum”,“winter”,“summer”}

By concatenating all the different building blocks, we ob-
tain our text prompt according to Figure 3 as:

Φn = φstart ⌢ (φloc
n ∨φloc+

n ) ⌢ φtfc

⌢ φCUS ⌢ φcls ⌢ φcon , (5)

with ⌢ symbolizing concatenation and φCUS and φcon be-
ing optional. We denote the base prompt without the op-
tional strings as Φbase

n . A sample prompt can become, e.g.,
“A high quality photo; Europe, highway, road, car, build-
ing, vegetation, winter”. If there are multiple options within
one of the building blocks, we select the prompt randomly.
We generate DPT before the adaptation step.

3.2. Generalization by Adaptation

Even with strong semantic guidance by depth or the se-
mantic ground truth, the stable diffusion models generate
partially highly inconsistent outputs. However, the area of
unsupervised domain adaptation provides powerful meth-
ods which are capable to handle datasets without labels ef-
fectively. We utilize these methods to adapt the segmen-
tation model towards the pseudo-target domain that was
generated in a 1st step (Section 3.1). For UDA meth-
ods, we usually obtain an adapted segmentation model by
UDA(DS,DT)→MUDA, where DT is usually a real data

target domain without labels and M our domain-adapted
model. Our method changes this setting slightly but notably
to UDA(DS,DPT)→MDG, where model M is adapted
to our pseudo-target domain DPT and therefore also gen-
eralizes without accessing any real data. In our case, UDA
strategies create this supervision signal by aligning the dis-
tributions of the source DS and pseudo-target domain DPT.

4. Experimental Setup
In the following, we introduce the employed datasets,

metrics, and diffusion and segmentation network architec-
tures. Afterwards, we introduce the utilized UDA methods.

4.1. Datasets and Metrics

Datasets: We follow the common domain generalization
standard setting [10,23,34,35,44] and employ the two syn-
thetic datasets SYNTHIA (SYN) [39] and GTA5 [37] as our
source domains. The datasets comprise 9400 and 24966 im-
ages, respectively, which we denote as DSYN

train and DGTA5
train .

To evaluate the domain generalization capabilities, we use
Cityscapes (CS) [6], BDD100k (BDD) [57], Mapillary Vis-
tas (MV) [28] as our real-world target domains with 500,
1000 and 2000 validation images, respectively. The training
sets of these datasets remain unused in our generalization
method. We evaluate all experiments on the validation sets
Dval of our target domains and compute the domain gen-
eralization (DG) mean over these sets, as is common prac-
tice in domain generalization [18, 34, 58]. As an addition
to this domain generalization benchmark, we also include
ACDC [40] with 406 validation images in some of our ex-
periments, which contains adverse weather conditions. It
is excluded from the DG mean, because most other ap-
proaches do not report ACDC performance.

Metrics: For evaluation we employ the mean intersec-
tion over union (mIoU) of S =19 segmentation classes [6,
37, 40] for GTA5 trained models and S = 16 classes for
models trained on SYNTHIA, as it is common practice [22].

4.2. Network Architectures

Diffusion models: For the data generation process,
we employ Stable Diffusion 2.0 (SD2.0) [38] as
our standard diffusion model. We also compare against
ControlNet [60], which provides several options to con-
strain the output generation in our ablation studies. To cre-
ate data, we utilize the image-to-image prompting strategy
described in Section 3. The ablation studies w.r.t. the data
generation process that are described in Section 5 analyze
the different prompting elements.

Segmentation models: As the network architectures
we selected the common standards in the area of domain
generalization. The DeepLabV2 [4] architecture with a
ResNet-101 is used to evaluate the generalization on a



Table 1. Domain generalization performance (mIoU (%))
of several methods employing two different encoder networks.
Training was performed on the synthetic GTA5 (DS = DGTA5

train )
dataset. Evaluation is performed on various real-world validation
sets (DT = Dval). Prior work results are either cited from [23]
(marked with ◦) or from the respective paper (marked with *).

E
nc

. DG Method No
real
data

mIoU (%) on
DCS

valDBDD
val DMV

val
DG

mean

R
e
s
N
e
t

Baseline ✓ 36.1 36.6 43.8 38.8
IBN-Net◦ [32] ✓ 37.7 36.7 36.8 37.1
RobustNet◦ [5] ✓ 37.3 38.7 38.1 38.0
DRPC* [58] ✗ 42.5 38.7 38.1 39.8
SW* [33] ✓ 36.1 36.6 32.6 35.1
FSDR* [18] ✗ 44.8 41.2 43.4 43.1
SAN+SAW* [34] ✓ 45.3 41.2 40.8 42.4
WEDGE* [20] ✗ 45.2 41.1 48.1 44.8
GTR* [35] ✗ 43.7 39.6 39.1 40.8
SHADE* [62] ✓ 46.7 43.7 45.5 45.3
WildNet◦ [23] ✗ 45.8 41.7 47.1 44.9
RICA* [44] ✓ 48.0 45.2 46.3 46.5
DIDEX with MIC [17] ✓ 52.4 40.9 49.2 47.5

T
r
a
n
s
f
o
r
m
e
r

Baseline ✓ 46.6 45.6 50.1 47.4
ReVT* [45] ✓ 50.0 48.0 52.8 50.3
DAFormer* [14] ✓ 52.7 47.9 54.7 51.7
HRDA* [16] ✓ 57.4 49.1 61.2 55.9
CMFormer* [2] ✓ 55.3 49.9 60.1 55.1
PromptFormer* [10] ✓ 52.0 - - -
DIDEX with MIC [17] ✓ 62.0 54.3 63.0 59.7

CNN-based architecture and for the recently emerged vi-
sion transformer we use the DAFormer [14] network.

4.3. Employed UDA Methods

We utilize five different state-of-the-art domain adapta-
tion approaches for our generalization by adaptation step,
namely DACS [47], DAFormer [14], HRDA [15], MIC [17]
and SePiCo [51]. As described in Section 3, we utilize these
UDA methods to adapt from the synthetic source domain
to our pseudo-target domain. Previous experiments have
shown that the adaptation of UDA methods to other domain
shifts can diminish the performance [40]. In this context,
it has to be noted that we do not finetune any hyperparam-
eters of the employed UDA methods. All the methods are
employed as provided by the respective authors.

5. Evaluation and Discussion

In this section, we will first compare our approach
to state-of-the-art domain generalization methods. Af-
terwards, we investigate the impact of different prompt-

Table 2. Domain generalization performance (mIoU (%))
of several methods employing two different encoder networks.
Training was performed on the synthetic SYNTHIA (DS =
DSYN

train) dataset. Evaluation is performed on real-world valida-
tion sets (DT=Dval). Prior work results are either cited from [23]
(marked with ◦) or from the respective paper (marked with *).

E
nc

. DG Method No
real
data

mIoU (%) on
DCS

valDBDD
val DMV

val
DG

mean

R
e
s
N
e
t

Baseline ✓ 34.3 27.8 38.0 33.4
IBN-Net◦ [32] ✓ 34.2 32.6 36.2 34.3
DRPC* [58] ✗ 37.6 34.4 34.1 35.4
SW* [33] ✓ 36.1 36.6 32.6 35.1
FSDR* [18] ✗ 40.8 37.4 39.6 39.3
SAN+SAW* [34] ✓ 40.9 36.0 37.3 38.1
WEDGE* [20] ✗ 40.9 38.1 43.1 40.7
GTR* [35] ✗ 39.7 35.3 36.4 37.1
RICA* [44] ✓ 45.0 36.3 41.6 41.0
DIDEX with MIC [17] ✓ 53.1 41.8 50.3 48.4

T
r
a
n
s
f
o
r
m
e
r Baseline ✓ 41.4 36.2 42.4 40.0

ReVT* [45] ✓ 46.3 40.3 44.8 43.8
CMFormer* [2] ✓ 44.6 33.4 43.3 40.4
PromptFormer* [10] ✓ 49.3 - - -
DIDEX with MIC [17] ✓ 59.8 47.4 59.5 55.6

ing strategies, UDA approaches, semantic consistency con-
straints, and the quantity of generated images.

5.1. Comparison with State of the Art

We compare the generalization performance of our
method to state-of-the-art methods in Table 1 (DS =
DGTA5

train ) and Table 2 (DS=DSYN
train). For GTA5-trained mod-

els, for both the ResNet-based and the Transformer-
based backbones, we clearly achieve a new state-of-the-art
(SOTA) performance for the DG mean. For the ResNet-
based models, we improve significantly on Cityscapes and
Mapillary. For SYNTHIA-trained models (Table 2) our
method provides an even larger improvement. With a
ResNet-based backbone we outperform other approaches
by 7.4% absolute for the DG mean and by 11.8% abs. with
a transformer backbone. On Mapillary Vistas, our method
provides 14.7% abs. mIoU improvement compared with the
best performing prior method [45]. With 59.8% mIoU on
Cityscapes, DIDEX performs competitive with the UDA
method DAFormer [14] with 60.9% mIoU without using
any real data during training.

5.2. Influence of Prompting Strategy

Table 3 shows the results of the resulting domain gen-
eralization when varying the prompts w.r.t. location, envi-
ronment condition, and class-uniform sampling. Overall,



Stable
Diffusion 2.0 [34]

Stable
Diffusion 2.0 [34]

ControlNet [56]

ControlNet [56]

φstartGTA5 Input +φloc+ = “China” +φcon = “winter” +φtfc = “highway” +φcls = All

Figure 4. Visualization of the prompt ablation study showing the impact of the prompt on the images of DPT for ControlNet [60]
and SD 2.0 [38]. Each prompt has a corresponding impact on the content of the generated images. However, semantic inconsistencies
can be seen such as trees turning into mountains or buildings which disappear. More examples are provided in the supplement.

Table 3. Influence of the different text prompt building blocks on the generalization performance (mIoU(%)). Training was performed
on the synthetic GTA5 (DS=DGTA5

train ) dataset. Evaluation is performed on various real-world validation sets (DT=Dval). The adaptation
was performed with the HRDA method [15] and a Transformer-based encoder.

Base Prompt
(Φbase)

Add. Location
(φloc → φloc+)

+ Conditions
(+φcon)

+ CUS
(+φCUS)

mIoU (%) on
DCS

val DBDD
val DMV

val DACDC
val

DG
mean

✓ − − − 58.5 52.2 62.9 46.9 57.9
✓ ✓ − − 58.7 52.5 63.4 46.7 58.2
✓ − ✓ − 59.4 52.7 62.7 46.8 58.3
✓ − − ✓ 61.2 52.5 63.7 48.8 59.1
✓ ✓ − ✓ 58.6 51.8 62.8 45.2 57.7
✓ − ✓ ✓ 60.1 53.7 63.5 46.6 59.1
✓ ✓ ✓ ✓ 58.8 52.7 63.2 47.4 58.3

the most important part of the text prompts seems to be the
class-uniform sampling (+φCUS) as it results in the high-
est domain generalization mIoU. But increasing the varia-
tion in each of the dimensions seems to have a positive ef-
fect, although the increase in performance is rather small for
φloc → φloc+ and +φcon. Increasing the variety of loca-
tions has the biggest effect on the performance on the Map-
illary Vistas dataset [28], which consists of images from
various locations all over the world.

However, increasing the number of conditions does not
increase performance on MV or ACDC which are very di-
verse w.r.t. the conditions. This might be related to insuffi-
ciently realistic generation of such conditions by the dif-
fusion model, or related to the fact that the HRDA [15]
method has difficulties to adapt to these conditions. Finally,
we observe that using all text prompts does not improve
over only class-uniform sampling.

5.3. Influence of UDA Approaches

Table 4 shows the influence of the UDA approach that
is used for the generalization by adaptation step to the
pseudo-target domain. Recent UDA methods, such as

DAFormer [14] and MIC [17] adapt better to the pseudo-
target domain and thus generalize better across domains. It
should be noted that even comparably simple UDA meth-
ods such as DACS [47] obtain a high domain generalization
and outperform previous SOTA methods for SYNTHIA as
the source dataset. However, SePiCo [51] with a ResNet-
101 backbone performs worse than the other methods which
might be caused by the lack of hyperparameter optimiza-
tion.

5.4. Influence of Image Quantity & Consistency

In Figure 5, we show results of randomly sampled sub-
sets of either Citscapes (purple) or our pseudo-target do-
main (orange) used in the UDA approach. For each step,
we applied DAFormer [14] for the adaptation from GTA5
to the subset. We can observe that the model adapted to
Cityscapes is on par with the pseudo-target domain model
on Cityscapes up until a subset size of 29 UDA images, but
gets increasingly better with more sampled images. This
divergence of performance does, however, not occur for the
other domains (BDD, MV, ACDC), where the models are
mostly on par with each other. This indicates that the in-



Table 4. Influence of DIDEX combined different UDA methods
on the generalization performance (mIoU(%)).Training was per-
formed on the synthetic GTA5 (DS=DGTA5

train , upper part) or SYN-
THIA (DS=DSYN

train, lower part) dataset. Evaluation is performed
on various real-world validation sets (DT =Dval). Text prompts
comprised the base prompt Φbase and the CUS φCUS. * indicates
additional usage of the masked image consistency loss [17].

E
nc

.

DIDEX + ... mIoU (%) on
DCS

val DBDD
val DMV

val DACDC
val

DG
mean

D
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:G
T A

5 R
e
s
N
e
t

DACS* [47] 46.9 40.0 45.2 31.9 44.0
SePiCo [51] 44.9 36.4 38.8 30.4 40.0
DAFormer* [14] 50.4 41.8 47.1 33.9 46.4
MIC [17] 52.4 40.9 49.2 36.1 47.5

T
r
a
n
s
f
o
r
m
e
r DACS* [47] 52.0 49.0 53.7 41.9 51.8

SePiCo [51] 57.4 49.7 56.4 44.5 54.5
DAFormer* [14] 57.7 56.6 60.7 46.4 58.3
MIC [17] 62.0 54.3 63.0 50.1 59.7

D
S
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N
T

H
IA

R
e
s
N
e
t

DACS* [47] 47.5 38.6 41.5 30.1 42.5
SePiCo [51] 43.3 32.6 40.6 27.7 38.8
DAFormer* [14] 49.8 40.0 45.5 33.7 45.1
MIC [17] 53.1 41.8 50.3 33.3 48.4

T
r
a
n
s
f
o
r
m
e
r DACS* [47] 52.1 38.4 48.0 36.4 46.2

SePiCo [51] 54.4 45.5 52.3 37.7 50.7
DAFormer* [14] 53.3 44.5 52.3 38.6 50.0
MIC [17] 59.8 47.4 59.5 43.5 55.6

crease in performance on Cityscapes is caused by a spe-
cialization of the model to the target domain, but does not
increase its generalization capabilities relative to the model
adapted to the pseudo-target domain. It further indicates
that the images in the pseudo-target domain are of a simi-
lar "functional quality" for generalizing to other real-world
domains as the real-world Cityscapes data.

In Table 5, the influence of different ways to constrain
the image generation process is shown. We observe that
ControlNet [60] constrained with semantics provides a
small improvement over SD2.0 [38] and can be a promis-
ing future research direction.

6. Conclusions
We introduced a novel diffusion-based domain exten-

sion (DIDEX) method for domain generalization which uti-
lizes the generative capabilities of diffusion models. We
projected the problem of domain generalization to the
problem of domain adaptation which enabled us to uti-
lize powerful adaptation methods for domain generaliza-
tion. Our diffusion-based domain extension outperforms
previous state-of-the-art methods by a large margin across
datasets and architectures; with GTA5 as the source dataset
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Figure 5. Influence of the # of UDA images (target domain) on
the generalization performance (mIoU (%)). Training was per-
formed on the synthetic GTA5 (DS = DGTA5

train ) dataset. Evalu-
ation is performed on various real-world validation sets (DT =
Dval). DAFormer [14] was used for UDA and text prompts com-
prised only the base prompt Φbase and the CUS block φCUS.

Table 5. Influence of the diffusion model Υ architecture and
contraints C(xn) on the generalization performance (mIoU (%)).
Training was performed on the synthetic GTA5 (DS = DGTA5

train )
dataset. Evaluation is performed on various real-world valida-
tion sets (DT=Dval). UDA was performed with HRDA [15] for
SD2.0, MIC [17] for the others, and a full prompt Ωn.

Diffusion
Model Υ

C(xn) mIoU (%) on
DCS

valDBDD
val DMV

val DACDC
val

DG
mean

SD2.0 [38] Depth 58.8 52.7 63.2 47.4 58.3
ControlNet [60]Depth 58.1 54.0 63.7 46.7 58.6
ControlNet [60]Seg. 58.9 53.9 64.1 49.0 59.0

by 3.8% abs. mIoU and with SYNTHIA even by 11.8% abs.
mIoU on average. Our text prompt ablation study has shown
that information about present classes is beneficial for the
pseudo-target domain. A remarkable result is that the func-
tional quality of the diffusion generated data for the purpose
of domain generalization is comparable to real Cityscapes
data, highlighting the potential of using diffusion models
for domain generalization.
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