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Appendix
In the supplementary material, we provide additional anal-
yses, experiments, qualitative and quantitative results, and
implementation details, including pseudocode, due to space
limitations in the main manuscript. Specifically, we de-
scribe implementation details, including PyTorch-like pseu-
docode, to ensure reproducibility (Appendix A). Next, we
illustrate an implicit bias of concept gradients (Appendix B)
and additional experimental studies of our design choice of
CA-LoRA (Appendix C). We then demonstrate the gener-
alizability of the proposed method using a general-domain
dataset, Pascal VOC [11] (Appendix D). Finally, we discuss
class-aware dataset generation, which could be a promising
future research direction for handling long-tailed distribu-
tions by leveraging text prompts (Appendix E). Below is
the table of contents for the supplementary material.
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Figure 7. The detailed label generator architecture. The whole framework includes a text-to-image generation model (Stable Diffusion XL),
pixel decoder, and transformer decoder, followed by DatasetDM [51]. Due to the change in the architecture of the text-to-image generation
model, the following pixel decoder and transformer decoder minorly changed (e.g., the number of input channels and the number of blocks).

A. Implementation Details

A.1. Label Generator Architecture

We build the label generator based on the recent segmen-
tation dataset generation framework, DatasetDM [51]. The
label generator in DatasetDM, called P-Decoder, is derived
from the Mask2Former [5] decoder architecture. It takes in-
termediate features from the T2I model, including feature
maps and cross-attention maps. The label generator then
concatenates features of the same resolution and reduces the
feature dimensions using predefined projection layers. The
multi-resolution feature maps are passed through the pixel
decoder and the transformer decoder sequentially, which
outputs the segmentation predictions. Finally, we calculate
the loss function of the label decoder, which mirrors that
of Mask2Former, incorporating binary cross-entropy, dice
loss, and classification loss. However, several modifications
exist between the original DatasetDM P-Decoder and our
label generator due to architectural differences between Sta-
ble Diffusion v1.5 [41] and Stable Diffusion XL [37].

Since DatasetDM is built on top of Stable Diffusion
v1.5 [41], we simply adjust the feature dimensions in the
projection layers to accommodate Stable Diffusion XL [37].
The detailed label generator architecture is illustrated in
Fig. 7. However, if all feature maps and cross-attention
maps are used, the total number of channels increases sig-
nificantly, leading to an unmanageable number of parame-
ters in the projection layers during concatenation and pro-
jection. In summary, the feature maps are extracted from
the last feature block at each resolution of the up-sampling
blocks, while cross-attention maps are sampled at equal

intervals (every 7 blocks) from the total 36 up-sampling
blocks (i.e., 1st, 8th, ... 29th, 36th).

Furthermore, as shown in Fig. 7, Stable Diffusion XL
has only three resolution levels, compared to four resolu-
tion levels of the Stable Diffusion v1.5 architecture in the
original DatasetDM. In the Mask2Former structure, feature
maps from the pixel decoder, excluding the largest resolu-
tion, are fed into the transformer decoder. While the orig-
inal design used three-resolution feature maps, only two
were utilized in this case. Thus, while DatasetDM pro-
vides three-resolution feature maps three times for 9 trans-
former decoder blocks, we provide two-resolution feature
maps five times, leading to a total of 10 transformer de-
coder blocks. Importantly, to ensure a fair comparison, the
reported scores for DatasetDM were obtained using a re-
implemented version based on SDXL with the same modifi-
cations.

A.2. Detailed Architecture of CA-LoRA
Overview (Fig. 8 (a)) The fundamental group of weights
used to measure concept awareness is the linear projection
layer. We selectively adapt the pretrained weights layer by
layer within the projection layers. Practically, the projection
layers in the multi-head attention block are integrated across
heads, we split them to structurally distinguish the weights
for each projection. Consequently, we attach LoRA layers
projection-wise, as shown in Fig. 8.

Projection-wise CA-LoRA (Fig. 8 (b)) There are two
types of CA-LoRA: output LoRA projection layers (Type
A: Output (OUT)) and input LoRA projection layers (Type
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Figure 8. The detailed architecture of the CA-LoRA. We conduct projection-wise CA-LoRA that can attach the LoRA layer for each
projection layer of multi-head self-attention.

B: Query (Q), Key (K), Value (V)). To split the original
LoRA layer (∆W = BA) in projection-wise, the output
projection LoRA layers (∆WOUT) split the A weights row-
wise, while the input projection LoRA layers (∆WIN) split
the B weights column-wise, as illustrated in the following
equations.

∆WOUT = B

[
A1 A2 · · · Ah

]
, (8)

∆WIN =


B1

B2

...
Bh

A. (9)

The projection-wise LoRA is represented in Fig. 8 and Al-
gorithm 4.

A.3. Hyperparameters and Pseudocode
Hyperparameters (Tables 12, 13, 14 and 15) We pro-
vide all hyperparameters to support reproducibility. In the
first stage, we fine-tune Stable Diffusion XL [37] using
the HuggingFace Diffusers library [49]. The specific hy-
perparameters for fine-tuning Stable Diffusion XL on the
Cityscapes dataset are listed in Tab. 12, while the train-
ing configurations for the label generator can be found in
Tab. 13.

Next, we train segmentation models for both in-domain
and domain generalization scenarios. The hyperparame-
ters for in-domain fine-tuning are provided in Tab. 14,

Table 4. Hyperparameter search of layer proportions. Image-
domain alignment (CMMD) and final segmentation performance.

Proportion CMMD Performance (mIoU)

0% (Pretrained) 5.063 42.82
1% 1.618 43.77
2% 1.420 44.13
3% 1.021 43.94
5% 1.105 43.81
10% 0.686 43.36
100% (Original LoRA) 0.644 42.97

while those for domain generalization, based on the DGIn-
Style [22] method, are included in Tab. 15. We hope these
provided hyperparameters will facilitate reproducibility.

Pseudocode We also provide PyTorch-like pseu-
docode [36] for key algorithms to effectively support
reproducibility. Concept awareness (Algorithms 1 and 2)
The concept awareness algorithm is demonstrated in Al-
gorithm 1. Conducting concept awareness requires several
helper functions, as shown in Algorithm 2. CA-LoRA
(Algorithms 3 and 4) The CA-LoRA algorithm is divided
into two parts: the forward function and the declaration
function. The forward pass of CA-LoRA is presented in
Algorithm 3, while the declaration function, along with the
selected layers, is illustrated in Algorithm 4.

While we provide the PyTorch-like pseudocode based on
HuggingFace Diffusers library [49], HuggingFace PEFT-
based implementation [32] can reduce the training time of
the CA-LoRA.

https://huggingface.co/docs/diffusers/index
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Figure 9. Visualizing the gradients and concept awareness. (a) Implicit gradient biases across network layers. (b) Concept awareness,
computed by normalizing each concept gradient with respect to the original diffusion-loss gradient. Style-aware and viewpoint-aware
weights are highlighted in red and blue, respectively. Although raw concept gradients alone cannot clearly separate different concepts,
normalization with diffusion gradients yields a more distinguishable concept-awareness signal.

B. Visualizing Concept Awareness
B.1. The Implicit Bias of Gradients Across Layers
Observation (Fig. 9 (a)) We compute the awareness
scores for each layer by using the norm of the gradient.
However, the gradient norm cannot be uniformly scaled
across different head types (Q, K, V, OUT), attention types
(self, cross), and layers (shallow, deep). To address this, we
construct a base gradient to scale the concept loss gradient
by referencing the gradient of the original diffusion loss, as
described in Section 3.2. We visualize the gradients of both
the concept losses and the original diffusion loss in Fig. 9. In
this visualization, we separate the self-attention and cross-
attention layers to provide clearer distinctions, which differs
from the approach in the main paper.

Normalizing Gradients (Fig. 9 (b)) Therefore, we nor-
malize the gradients using the gradients calculated from
the original diffusion loss, as discussed in Section 3.2 and
shown in Fig. 3. As shown in Fig. 9 (a), the gradients calcu-
lated from the style concept loss and viewpoint concept loss
are similar. However, the gradient increase ratio can differ
significantly, as illustrated in Fig. 9 (b).

B.2. Concept Awareness per Prompt Augmentation
We conduct an additional analysis of the robustness of
defining desired concepts based on prompt augmentation.
As demonstrated in Section 3.2, we select several hand-
crafted prompt augmentations tailored to the desired con-
cept. While this method is flexible and can be generalized
to different concepts, it may introduce instability in prompt
augmentation. To assess its robustness, we measure aware-
ness across various prompt augmentations. Specifically, we

provide five prompt augmentations for each desired con-
cept (style, viewpoint) derived from the original prompts,
as shown below.

cAug(Style) ∈


“Sketch of first-person urban street view”,
“Watercolor of first-person urban street view”,
“Pop-art of first-person urban street view”,
“Line art of first-person urban street view”,
“Oil painting of first-person urban street view”



cAug(Viewpoint) ∈


“Photorealistic urban street in top-down view”,
“Photorealistic urban street in high angle view”,
“Photorealistic urban street in low angle view”,
“Photorealistic urban street in eye-level view”,
“Photorealistic urban street in close-up view”


We then calculate the style and viewpoint awareness for

each prompt augmentation, as shown in Fig. 10. As il-
lustrated in the figure, our proposed method consistently
demonstrates high awareness to similar regions across all
prompt augmentations for styles. Similarly, for viewpoints,
augmentations such as top-down, high-angle, and low-angle
were applied, and the results indicate that our method
highlights similar regions regardless of the specific view-
point prompt. Based on these findings, we manually se-
lect the first three prompts for each desired concept. Nev-
ertheless, developing an automated approach to search for
prompt augmentations by leveraging recent LLMs could be
a promising direction for enhancing concept awareness.

B.3. Concept Awareness per Noise Timestep
The amount of added noise, defined by the timestep t, is
critical hyperparameter for calculating concept awareness.
We conduct comprehensive experiments to evaluate con-
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Figure 10. Measured concept awareness according to the various prompt augmentation. The highlighted concept-aware layers for
each concept (style and viewpoint) remained largely consistent regardless of the prompt augmentation, demonstrating the robustness of
concept awareness to variations in prompt design.
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Figure 11. Visualizing concept awareness across different noise timesteps. It shows that the 81st timestep stands out with a significantly
distinct concept awareness score between style and viewpoint awareness compared to the other timesteps.

cept awareness in relation to the noise timestep. Visualiza-
tions of concept awareness across different noise timesteps,
along with qualitative and quantitative results, are provided.
These experimental findings offer valuable insights into the
behavior of concept awareness.

Visualization (Fig. 11) According to our experiment, cal-
culating concept awareness at large timesteps (noisy im-
ages) does not yield meaningful information about concept
awareness. For example, style and viewpoint sensitivities
appear similar when the timestep is set to 481 out of 1000,
as shown in the first column of Fig. 11. This occurs be-
cause concept-aware layers are less responsive to noisy in-
puts, which have a high potential to generate any image.

Conversely, extremely small timesteps (e.g., 1) also fail to
capture concept awareness, as the loss from almost clean
images does not provide sufficient generative information.
Therefore, we explored intermediate timesteps (e.g., 201,
81) and found that the 81st timestep reveals distinct concept
sensitivities for style and viewpoint.

Qualitative Results (Fig. 12) Additionally, we fine-tuned
2% of the selected ratio using each concept awareness and
generated images to qualitatively compare results across
different noise timesteps. As shown in Fig. 12, the im-
ages generated using intermediate timesteps (201, 81) better
align with the intended style and viewpoint.
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Figure 12. Qualitative comparison across different noise timesteps. According to the various noise timestep, 81st timestep represents
the best concept awareness, qualitatively. The style of the generated images by Style CA-LoRA is well-aligned, while the generated images
by Viewpoint CA-LoRA contain diverse styles.

Table 5. Timestep ablation. The CMMD (↓) and final segmenta-
tion performance of the CA-LoRA across the extracted timesteps.

Timestep CMMD (↓) Performance (↑)

1 2.383 40.49
81 1.420 44.13

201 1.556 41.68
481 1.920 40.80

Quantitative Results (Tab. 5) Finally, we quantitatively
compared the intermediate timesteps using the image do-
main alignment metric, CMMD (↓) [21], to evaluate the
201st and 81st timesteps. The results indicate that the 81st
timestep is the most effective for measuring concept aware-
ness, as shown in Tab. 5. While our approach selects a sin-
gle timestep to measure concept awareness, averaging mul-
tiple timesteps could improve the precision and robustness
of concept awareness, which may be a promising direction
for future research.

B.4. Layer selection strategy of CA-LoRA
Grouping Granularity of CA-LoRA (Fig. 13 and Tab. 6)
As illustrated in Fig. 13, we explore the performance of
CA-LoRA variants that partition the base weights differ-
ently. As shown in Tab. 6, these variants generally out-
perform the baselines. Among them, projection-wise CA-
LoRA achieves the highest performance compared to other
variants. This suggests that increasing the granularity of the
base partition generally enhances performance, as it allows
for more fine-grained selection of sensitive weights.
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Figure 13. Visualizing the concept awareness (style) according
to various grouping granularity.

Table 6. Granularity ablation. Number of trainable parameters
and final segmentation performance by changing grouping granu-
larity. Only 2% of projection-wise parameters can achieve the best
results across all grouping granularity.

Grouping Granularity % Params. Performance (↑)

No Finetuning (DatasetDM) 0% 42.82

Block-wise 32% 43.67 (+0.85)
Layer-wise 4.8% 43.26 (+0.44)
Integrated Projection-wise 5% 43.63 (+0.81)
Projection-wise (Ours) 2% 44.13 (+1.31)
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Figure 14. Qualitative results of Style- and Viewpoint CA-LoRA across different layer proportions (1%, 2%, 3%, 5%, and 10%).
Selecting only 2% of the layers is already sufficient to learn the target concepts, while larger layer proportions increasingly introduce
unintended concept leakage.

Layer Proportions of CA-LoRA (Fig. 14) We analyze
the qualitative behavior of Style CA-LoRA and Viewpoint
CA-LoRA when varying the proportion of selected layers
(1%, 2%, 3%, 5%, and 10%). The results show that select-
ing only 2% of the layers is sufficient to learn the intended
concepts: Style CA-LoRA produces images that accurately
reflect the target style, whereas Viewpoint CA-LoRA gener-
ates images aligned with the desired viewpoint. However, as
the layer proportion increases, the model gradually begins
to encode unintended, non-target concepts, indicating grow-
ing interference between concepts at higher proportions.

C. CA-LoRA for Domain Generalization
In this section, we comprehensively compare the per-
formance of CA-LoRA with baseline methods used for
domain-generalized urban-scene segmentation. We apply
both image-domain alignment and image-label alignment
when constructing the domain-generalization dataset, fol-
lowing the procedure described in Section 4.3, and also pro-
vide the comparison with DGInStyle [22].

Image Domain Alignment (Tab. 7) For domain general-
ization in urban-scene segmentation, we generated urban-
scene images under various adverse weather conditions
(e.g., “foggy”, “night-time”, “rainy”, and “snowy”). In this
section, we assess the domain gap between our gener-
ated adverse weather conditions and the real ACDC [45]
dataset. Quantitatively, we used CMMD [21] to measure

Table 7. Image-domain alignment in domain generalization.
† DATUM utilizes one provided target-domain image per condi-
tion, whereas the other methods do not.

Method Foggy Night-time Rainy Snowy Average

DATUM† 2.41 2.46 2.91 2.10 2.47
InstructPix2Pix 3.43 3.13 2.99 3.32 3.22

DatasetDM 4.90 5.52 5.34 4.96 5.18
Ours 2.43 2.55 2.62 2.63 2.56

Table 8. Image-label alignment in domain generalization. The
first two rows report the segmentation performance of the pre-
trained and finetuned Mask2Former (M2F) [5] on the ACDC
adverse-weather dataset [45]. The following four rows present a
comparison of image-label alignment across baseline methods,
evaluated using the finetuned M2F model.

Method Foggy Night-time Rainy Snowy Average

Pretrained M2F 67.66 23.17 51.94 47.55 47.58
Finetuned M2F 78.54 52.16 66.23 74.79 67.93

DATUM - - - - -
InstructPix2Pix 25.98 48.60 63.04 40.66 44.57

DatasetDM 40.84 35.90 47.43 44.02 42.05
Ours 41.55 43.07 48.69 39.47 43.20

image domain alignment, and the results are presented
in Tab. 7. These results show that the proposed gener-
ated dataset demonstrates a significant performance gap
over DatasetDM and InstructPix2Pix. More importantly,
it achieves competitive performance with DATUM, which
requires training individual models separately for each
weather condition using a target domain image from the
ACDC dataset.



Table 9. Comparison with DGInStyle of generated datasets for
domain generalization of urban-scene segmentation (mIoU).
We highlight the performance improvements are larger than DGIn-
Style, especially on HRDA backbone. *The gray color indicates
the reported score from the DGInStyle authors.

DG Method Method ACDC DZ BDD MV Average

ColorAug

Baseline 52.38 23.00 53.33 60.06 47.19
DGInStyle 55.19 26.83 55.18 59.95 49.29 (+2.10)

Baseline 53.12 25.69 53.00 59.81 47.91
CA-LoRA 56.07 29.75 54.35 61.40 50.39 (+2.49)

DAFormer

Baseline 55.15 28.28 54.19 61.67 49.82
DGInStyle 57.74 28.55 56.26 62.67 51.31 (+1.48)

Baseline 53.98 27.82 54.29 62.69 49.70
CA-LoRA 55.83 31.68 54.68 63.09 51.32 (+1.63)

HRDA

Baseline 59.70 31.07 58.49 68.32 54.40
DGInStyle 61.00 32.60 58.84 67.99 55.11 (+0.71)

Baseline 58.48 29.46 56.12 64.27 52.08
CA-LoRA 58.93 34.41 56.56 64.54 53.61 (+1.53)

Image-Label Alignment (Tab. 8) We compare image-
label alignment to assess how reliably label maps can be
produced for domain-generalization datasets. Because the
generated images do not have real ground-truth annotations,
we instead use pseudo ground-truth produced by a highly
accurate segmentation model. As no off-the-shelf urban-
scene segmentation model achieves consistently strong per-
formance across diverse domains, we manually finetune a
reliable pretrained segmentor (Mask2Former [5]) on the
ACDC dataset [45]. The first two rows in the figure show
the segmentation performance on the ACDC validation set
before and after finetuning, respectively.

The results of measuring image-label alignment using
the fine-tuned M2F models are provided in Tab. 8. As shown
in the table, our approach achieves superior image-label
alignment compared to DatasetDM also on domain gen-
eralization setting. InstructPix2Pix, which directly reuses
Cityscapes labels and applies only minor weather edits
in image, exhibits an advantage in image-label alignment.
However, despite this strong alignment, we previously high-
lighted its limited performance gains in Tables 1 and 2,
which we attribute to the lack of scene diversity inherent
to its use of fixed segmentation label maps (see Fig. 5).

Comparison with DGInStyle (Tab. 9) As shown in
Tab. 9, our CA-LoRA achieves performance gains com-
parable to, and in most cases larger than, those re-
ported for DGInStyle [22]. As their code and Cityscapes-
generated data are unavailable, and their baseline accuracy
is marginally higher than ours, we compare only the per-
formance gains rather than the absolute numbers. We will
update the comparison once the official code becomes avail-
able. Notably, our approach consistently exhibits substantial
improvements when applied to the HRDA method. In con-
trast, DGInStyle generates images using fixed label maps,
which limits its ability to construct semantically diverse
scenes. We hypothesize that this restricted diversity con-

tributes to the relatively small performance gains observed
when DGInStyle is used with advanced DG methods such
as HRDA.

D. Experiments in General Domain
Since our primary goal is to cover urban-scene segmen-
tation, we focused on style and viewpoint as the desired
concepts and conducted experiments exclusively on urban-
scene datasets such as Cityscapes. However, the CA-LoRA
methodology is not limited to urban-scene datasets. It can
also be applied to general datasets for in-domain segmen-
tation dataset generation. In this section, we demonstrate
experiments on the Pascal-VOC dataset [11], showcasing
how our approach improves few-shot semantic segmenta-
tion performance.

D.1. Experimental setup
In this experiment, we trained on a total of 100 real image-
label pairs and evaluated the model using the 1,449 im-
ages in the Pascal-VOC validation set. For the text-to-image
generation model, we applied the same style awareness
score used in the Cityscapes experiment, setting the se-
lected proportion to 10%. During the training of the text-
to-image generation model, the prompt ”a photo” was used.
For training the label generator and generating the dataset,
the prompt ”a photo of a {class names}” was employed.
The label generator was trained with a batch size of 4
for 90K iterations, ultimately producing 2,000 image-label
pairs. When utilizing the generated dataset, the process was
consistent with the in-domain semantic segmentation ex-
periments. Specifically, Mask2Former was trained on the
real dataset for 90K iterations (Baseline), followed by fine-
tuning on the combined real and generated dataset for an
additional 30K iterations. All other hyper-parameters re-
mained identical to those used in the Cityscapes in-domain
semantic segmentation experiment, as detailed in Tables 12
to 14. Notably, the diffusion timestep (t = 81) and the real-
to-synthetic data ratio (1 : 1) are directly transferred from
the Cityscapes experiment without re-tuning, demonstrating
the robustness of our key hyperparameters across datasets.

D.2. Quantitative and Qualitative Results
As shown in Tab. 10, using Style CA-LoRA on the Pascal-
VOC dataset resulted in a performance improvement of
0.93 mIoU. In contrast, DatasetDM, which omitted the
fine-tuning process for the text-to-image generation model,
showed a performance drop of 8.43 mIoU. This highlights
the importance of concept-aware finetuning for style, even
in general datasets beyond urban-scene datasets. Fig. 15
provides further insight into the role of style information.
A significant image domain gap is evident between the im-
ages generated by the pretrained text-to-image generation
model and the dataset generated using Pascal-VOC. This
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Figure 16. Class-wise performance improvements and label
proportions. (a) Class-wise IoU improvements and (b) label pro-
portions for Cityscapes, Ours, and Ours (+ More Person Samples).
Adding 500 additional “person” samples balances label propor-
tions. Rare classes such as “bus”, “fence”, and “bicycle” show
clear gains, while decreases in “person” and “rider” arise from in-
sufficient samples. Supplementing these classes further leads to
more balanced improvements and a higher overall average.

demonstrates the impact of image domain alignment. Quan-
titatively, the CMMD, which was 1.46 for the pretrained
model, decreased to 0.81 after alignment, illustrating the re-
duced domain gap and its contribution to performance im-
provement.

Table 10. In-domain segmentation performance (mIoU) of the
Pascal VOC dataset. In the first row, we report the performance of
Mask2Former trained on different fractions of the PASCAL VOC
dataset (Baseline). While DatasetDM often degrades segmentation
performance due to incorrect labels, CA-LoRA consistently im-
proves the results.

Method
Fraction of the PASCAL VOC Dataset

100 images (∼7%) 1,464 images (100%)

Baseline 44.39 72.54

DatasetDM 36.16 (-8.43) 70.78 (-1.76)
CA-LoRA (Ours) 45.52 (+0.93) 73.72 (+1.18)

E. Class-Specific Dataset Generation
E.1. Class-wise Segmentation Performance
In this section, we present a detailed analysis of class-wise
improvements, highlighting the effectiveness of the pro-
posed method, particularly for rare classes. Additionally, we
introduce a class-balanced performance improvement strat-
egy tailored to specific classes.

Class-wise Performance Improvements (Fig. 16)
Urban-scene segmentation has distinct challenges, includ-
ing class imbalance and co-occurrence issues [25], making
class-wise analysis particularly important. We present
the class-wise IoU improvements in Fig. 16. As shown
in Fig. 16 (a), our proposed dataset generation approach
proves especially effective for rare classes such as “bus”,
“fence”, and “bicycle”. However, the generated dataset
often fails to improve performance in certain classes, such



Original LoRA CA-LoRA (Ours)

“Photorealistic first-person urban street view with people”

Figure 17. Qualitative comparison between the original LoRA and CA-LoRA for generating “person” samples. While the original
LoRA produces limited variations resembling training images, CA-LoRA generates more diverse “person” scenes by learning only the
style from the source dataset.

… Sedan car … … SUV car …

… Convertible car … … Hatchback car …

… Sedan car … … SUV car …

… Convertible car … … Hatchback car …

Original LoRA Style CA-LoRA (Ours)

Figure 18. Generated image-label pairs showcasing various styles of cars, including sedan, SUV, convertible, and hatchback. Unlike the
Original LoRA, since the Style CA-LoRA exclusively learned only the style from the Cityscapes, we can generate various types of cars in
Cityscapes-style.

as “person” and “rider”. As illustrated in Fig. 16 (b), this
degradation is primarily due to the insufficient number
of generated samples for the “person” class. Since the
synthetic dataset is generated randomly, disparities in
label proportions can occur. To mitigate this, we propose a
simple yet effective technique to increase the proportion of
the target class.

Segmentation Dataset Generation Focused on a Specific
Class (Figures 16 and 17) As detailed in Section 3.4 and
Tab. 12, we generated the dataset using the prompt “photo-
realistic first-person urban street view with [Class names]”,
where the class names were extracted from the label map of
the training set by retrieving the names of all classes present
in the label map. While the synthesized text prompt partially
reflects the label proportions of the training set, it does not
strictly enforce these proportions. As a result, the proposed

Table 11. In-domain segmentation performance of datasets in-
corporating the diverse cars dataset. Incorporating the diverse
cars dataset especially improved performance for vehicle classes
such as “car”, “bus”, and “motorcycle”, leading to overall perfor-
mance improvements.

Method
IoU

mIoU
Car Bus Motorcycle

Baseline 84.02 12.51 16.11 41.83

Ours 85.03 30.59 15.26 44.12
Ours (+ Diverse Cars) 85.34 32.48 17.77 44.95

generated dataset may exhibit misaligned label proportions,
as illustrated in Fig. 16 (b).

To address this issue, we propose a class-specific gener-
ation approach that manually increases the target class by
modifying the generation prompts. Specifically, we gener-
ated an additional 500 samples using the prompt “photoreal-
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(a) Generated segmentation dataset for in-domain settings.

(b) Generated segmentation datasets for domain generalization.

Clear-day

Figure 19. Additional qualitative results

istic first-person urban street view with people” to increase
the proportion of the “person” class.3 Since we selectively
fine-tuned the LoRA to learn only the style from Cityscapes,
it enables effective manipulation using the text prompt,
which the original LoRA cannot achieve, as demonstrated
in Fig. 17. As illustrated in Fig. 16 (b), this approach suc-
cessfully increased the proportion of the “person” class
and mitigated its performance degradation. Furthermore, as
shown in Fig. 16 (a), this adjustment led to additional per-
formance improvements, increasing the average IoU from
44.12 to 44.59.

E.2. Generating Datasets with Diverse Class Names
Since the Style CA-LoRA selectively fine-tuned only the
style from the in-domain Cityscapes dataset, it retains its
generalization ability for text prompts such as objects.
Leveraging this capability, we aim to generate a broader
variety of images using more diverse class names beyond
those provided in the dataset. In this experiment, we re-
fined the prompts for generating images previously cre-
ated with the simple class name “car” by subdividing them

3We also experimented with “photorealistic first-person urban street
view with person”, but using “people” as the test prompt proved to be more
effective in increasing the label proportion for the “person” class.

into “sedan car”, “SUV car”, “convertible car”, and “hatch-
back car”, as shown in Fig. 18. As illustrated in the figure,
while the original LoRA fine-tuned text-to-image genera-
tion model struggles to produce diverse styles of cars, our
approach reliably generates a wide variety of cars that align
with the test prompts.

We then conducted an in-domain few-shot experiment
(Cityscapes 0.3%) using the additional diverse cars dataset,
following the experimental setup described in Section 4.1.
As shown in Tab. 11, incorporating the diverse cars dataset
significantly improves segmentation performance, particu-
larly for vehicle classes. Beyond generating diverse cars,
applying textual augmentations to other class names for
dataset creation represents a promising direction for ad-
vancing segmentation dataset generation.



Table 12. Hyperparameters to fine-tune Stable Diffusion XL [37]. The class names are extracted from the label map in the training set by
retrieving the names of all classes that appear in the label map.

Hyperparameter Value

Rank 64
Learning rate 1e-4
Batch size 1
Training iteration 10K
Data augmentation Random horizontal flip, Random crop
Resolution (1024, 1024)
Learning rate scheduler constant
Optimizer AdamW [31]
Adam beta1 0.9
Adam beta2 0.999
Adam weight decay 0.01
Training prompt “photorealistic first-person urban street view”

Test-time hyperparameters

Num. inference steps 25
Guidance scale 5.0
Test prompt augmentation (In-domain) “... with [Class names]”4

Test prompt augmentation (DG) “... in [Weather Condition] with [Class names]”

Table 13. Hyperparameters to train label generator followed by DatasetDM [51].

Hyperparameter Value

Architecture Mask2Former-shaped label generator [51]
Learning rate 1e-4
Batch size 2 for all few-shot, 8 for fully-supervised
Training iteration (few-shot) 12k, 24k, 24k, and 48k for 0.3%, 1%, 3%, and 10%, respectively
Training iteration (fully-supervised) 90K
Data augmentation Random horizontal flip, Random resized crop (0.5, 2.0)
Resolution (1024, 1024)
Learning rate scheduler PolynomialLR(power=0.9)
Optimizer Adam [26]
Adam beta1 0.9
Adam beta2 0.999
Adam weight decay 0.0



Table 14. Hyperparameters to fine-tune Mask2Former [5]. We modify the learning rate, batch size and training iteration from the original
Mask2Former training configuration.

Hyperparameter Value

Model Architecture Mask2Former [5]
Num. generated images 500 for all few-shot, and 3,000 for fully-supervised
Learning rate 3e-6
Batch size 2 for all few-shot, and 8 for fully-supervised
Mixed batch real:syn = 1:1
Training iteration 30K
Data augmentation Random horizontal flip, Random resized crop (0.5, 2.0)
Resolution (512, 1024)
Learning rate scheduler PolynomialLR(power=0.9)
Optimizer AdamW [31]
Adam beta1 0.9
Adam beta2 0.999
Adam weight decay 0.05

Table 15. Hyperparameters to train domain generalization in segmentation including ColorAug, DAFormer [18], and HRDA [19], followed
by DGInStyle [22].

Hyperparameter Value (ColorAug) [54] Value (DAFormer) [18] Value (HRDA) [19]

Model Architecture SegFormer DAFormer HRDA
Backbone MiT-B5 [54]
Num. generated images 500 for each weather condition (clear, foggy, night-time, rainy, and snowy)
Learning rate 6e-5
Batch size 2
Training iteration 40K
Data augmentation for Gen. Random horizontal flip, PhotoMetricDistortion
Data augmentation for Real Random horizontal flip, Random crop, DACS [48]
Resolution (512, 512) (512, 512) (1024, 1024)
Learning rate scheduler PolynomialLR(power=0.9)
Learning rate warmup Linear
Learning rate warmup iteration 1500
Learning rate warmup ratio 1e-6
Optimizer AdamW [31]
Adam beta1 0.9
Adam beta2 0.999
Adam weight decay 0.01
SHADE False True True
RCS [18, 19] False



Algorithm 1 PyTorch-like Pseudocode of Concept Awareness
# pipe: text-to-image generation diffusers pipeline
# c: str = "photorealistic first-person urban street view"
# c augs: List[str] = List of the augmented prompts
# t: int = pre-defined timestep
# n img: int = number of generated images for average

unet = pipe.unet
unet = unet.requires grad (True)

# optimizer for clear gradients
optimizer = torch.optim.AdamW(list(filter(lambda p: p.requires grad, unet.parameters())))

imgs = [pipe(c).images[0] for in n img] # generate images

awareness = []

for img in imgs: # average over generated images
for c aug in c augs: # average over augmented captions

latent = pipe.vae.encode(img)
noise = torch.randn like(latent)
noisy latent = pipe.scheduler.add noise(latent, noise, t)

prompt embeds = encode prompt(c)
model pred = unet(noisy latent, t, prompt embeds)

gt diff = noise

with torch.no grad():
prompt embeds aug = encode prompt(c aug)
gt concept = unet(noisy latent, t, prompt embeds aug)

loss diff = torch.nn.functional.mse loss(model pred, gt diff)
loss concept = torch.nn.functional.mse loss(model pred, gt concept)

loss diff.backward(retain graph=True)
grads diff = get unet grads(unet) # Algorithm 2
optimizer.zero grad()

loss concept.backward()
grads concept = get unet grads(unet) # Algorithm 2
optimizer.zero grad()

awareness.append(grads concept / grads diff)
awareness avg = average gradients(awareness) # Algorithm 2



Algorithm 2 PyTorch-like Helper Functions for Concept Awareness
def getattr recursive(module, attrs: List[str]):

target module = module
for attr in attrs:

target module = getattr(target module, attr)
return target module

def get unet grads(unet):
grads = {’to q’: [], ’to k’: [], ’to v’: [], ’to out.0’: []}
for attn name in unet.attn processors.keys():

attn module = getattr recursive(unet, attn name.split(’.’)[:-1])

for proj name in grads.keys():
proj = getattr recursive(attn module, proj name.split(’.’))
head dim = 1 if proj name == ’to out.0’ else 0
grads chunk = torch.chunk(proj.weight.grad.cpu(), attn module.heads, dim=head dim)
grads[proj name].append([(grad ** 2).mean().sqrt().item() for grad in grads chunk])

return grads

def average gradients(grads):
grad avg = {’to q’: [], ’to k’: [], ’to v’: [], ’to out.0’: []}

for key in grad avg:
for grad in grads:

grad avg[key].append(grad[key])
grad avg[key] = torch.mean(torch.tensor(grad avg[key]), dim=0)

return grad avg



Algorithm 3 PyTorch-like Pseudocode of Modifying forward function of CA-LoRA
# F: torch.nn.functional

def modify to ca lora(layer, reduced layer):
# layer: diffusers.models.LoRACompatibleLinear
# reduced layer: ’A’ or ’B’

def ca lora set lora layer(self: LoRACompatibleLinear):
def set lora layer(lora layer, indices):

self.lora layer = lora layer
if indices is not None:

self.indices = indices
return set lora layer

def ca lora set forward(self: LoRACompatibleLinear):
def forward(hidden states: torch.Tensor, scale: float = 1.0):

if self.lora layer is None:
return F.linear(hidden states, self.weight, self.bias)

else:
if self.indices is not None:

# CA-LoRA (start)
org = F.linear(hidden states, self.weight, self.bias)
if reduced layer == ’B’:

org[:, :, self.indices] += scale * self.lora layer(hidden states)
else:

org += scale * self.lora layer(hidden states[:, :, self.indices])
return org
# CA-LoRA (end)

else:
return F.linear(hidden states, self.weight, self.bias) + scale *
self.lora layer(hidden states)

return forward

layer.set lora layer = ca lora set lora layer(layer)
layer.forward = ca lora set forward(layer)

return layer



Algorithm 4 PyTorch-like Pseudocode of selecting projection layers for CA-LoRA
def apply ca lora(unet, selected layers, rank):

for attn processor name in unet.attn processors.keys():
selected layers = [selected layer for selected layer in selected layers if
’.’.join(attn processor name.split(’.’)[:-1]) in selected layer]
if len( selected layers) == 0:

continue
attn module = getattr recursively(unet, attn processor name.split(’.’)[:-1])
# getattr recursively: Algorithm 2
dim head = attn module.out dim // attn module.heads
for layer type in (’to q’, ’to k’, ’to v’, ’to out.0’):

selected layers proj = [selected layer for selected layer in selected layers if layer type in
selected layer] is out = layer type == ’to out.0’
if len(selected layers proj) == 0:

continue
projection layer = getattr recursively(attn module, layer type.split(’.’))
# getattr recursively: Algorithm 2

# Projection-wise CA-LoRA (start)
head indices = sorted([int(selected layer.split(’.’)[-1][1:]) for selected layer in
selected layers proj])
indices = sum([list(range(dim head * head idx, dim head * (head idx + 1))) for head idx in
head indices], [])
# Indices are split grouped by the dim head
# Projection-wise CA-LoRA (end)

projection layer = modify to ca lora linear(projection layer, reduced layer=’A’ if is out else
’B’)
# modify to ca lora linear: Algorithm 3

if is out:
projection layer.set lora layer(
LoRALinearLayer(
in features=len(indices),
out features=projection layer.out features,
rank=rank),

indices)
else:

projection layer.set lora layer(
LoRALinearLayer(
in features=projection layer.in features,
out features=len(indices),
rank=rank),

indices)
return unet
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