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Abstract

Deep generative models have made significant progress in generating high-fidelity, photorealistic
images from textual cues. Though the results are impressive to human eyes, it remains unclear if
these synthetic images can be used to improve the performance of visual recognition tasks, such as
semantic or panoptic segmentation, especially in the challenging unsupervised domain adaptation
(UDA) context. UDA aims to train models on more accessible synthetic data and adapt them to real
images without requiring their costly pixel-wise annotations. In this research, we investigate the
applicability of state-of-the-art text-to-image generative diffusion models within an unsupervised
semantic segmentation domain adaptation scenario. Using labeled source images and unlabeled
target images, we probe the capability of Stable Diffusion in generating image-label pairs akin to
the target domain. We then conduct a closed-loop evaluation, training the model on our generated
dataset and assessing its performance on real-world datasets. We employ a conditional diffusion
model, ControlNet, trained on labeled source data to facilitate alignment and implement U-Net
swap to achieve style transfer, thereby producing a highly realistic labeled dataset. Additionally,
we propose strategies for better improving the alignment of the generated data. We show that
a semantic segmentation model trained on our generated dataset outperforms those trained on
conventional game-engine synthetic datasets, highlighting the promising role of data generation
techniques in addressing UDA challenges.
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Chapter 1

Introduction

Supervised learning requires a large volume of annotations, which can be particularly expensive
and time-consuming to acquire, especially for pixel-wise semantic segmentation tasks. A common
solution to address such annotation-heavy tasks is to utilize synthetic data, typically synthesized
via renderers or simulators, allowing for the inexpensive creation of extensive labeled datasets. For
instance, the GTA dataset [48]] generates pixel-level semantic segmentation ground truth for 25,000
images from modern computer games, a task completed in merely 49 hours. Conversely, annotat-
ing a single real-world image, like those from the Cityscapes dataset [[13], would take a person
around 1.5 hours. Synthetic datasets extremely reduce human labor costs, however, training with
such data induces domain generalization challenges due to the discrepancies between synthetic and
real-world data. In the GTA dataset, object arrangements follow specific patterns and distributions
that may not accurately replicate real-world environments. Fine-grained annotations for certain
classes, such as bicycles and trees differ from human annotation policies. Additionally, the domain
gap between these datasets extends to aspects such as texture, image quality, and environmental
variations.

To mitigate the domain shift challenge, numerous studies have explored unsupervised domain
adaptation (UDA). UDA deals with three domains: the prior domain, the target domain, and the
source domain. The prior domain involves large-scale natural images from datasets like Ima-
geNet [14] and LAION [S5]. These datasets are commonly used to pre-train models like [56],
as they facilitate learning a wide variety of features and gaining a generalized understanding of
images. The target domain consists of raw images from a specific data distribution, such as the
Cityscapes dataset [[13]], where the model is expected to perform well. However, no annotations
are available for training in the target domain. The source domain contains images with compa-
rable content and meaning to the target domain but suffers from low quality and exhibits a clear
domain gap. Nevertheless, these source domain images are accompanied by a wealth of semantic
annotations, such as the GTA dataset [48]]. The primary objective of UDA is to adapt the model
trained on the source domain to perform well in the target domain without access to target labels,
potentially leveraging the knowledge gained from the prior domain.

Previous UDA methods [31, 132,19, 30} 163} 22] primarily transfer knowledge through two ap-
proaches: adversarial training and self-training. In adversarial training, the segmentation network
is considered a generator in a GAN setup, and a domain discriminator is used to encourage domain-
invariant knowledge learning. In self-training, pseudo-labels for the target domain are generated
based on models trained on the source domain, providing supervision to retrain the model. This
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process is repeated several times. Various data augmentation techniques are also employed for the
network to learn robust features, such as rotation, color jitter, and ClassMix [44], etc.

Recently diffusion models [28, 58] have achieved extraordinary results in image generation
tasks. Building on the foundational formulation of diffusion models, several text-to-image mod-
els [53}149,146] have exhibited enhanced utility in handling image-text relationships and leveraging
large-scale training data. For example, Stable Diffusion [49], trained on billion-scale datasets [S3]]
composed of noisy image-caption pairs collected from the internet, showcases the exceptional ca-
pacity to generate high-fidelity, photorealistic images from textual prompts. This leads us to a
natural question, i.e., can high-realism domain-like datasets be generated to alleviate the domain
generalization issue to help UDA? This perspective shifts the focus onto the training data itself
instead of UDA methods. Several works [26, 2 154} 39]] have made attempts to utilize images gen-
erated by diffusion models for downstream tasks. For instance, [26] studies how generated data
can improve classification models in data-scarce settings, while [54]] trains classification models
using different ImageNet clones generated by Stable Diffusion and compares the performance of
the model with one trained on real images. Despite demonstrating the effectiveness of generated
data, these studies predominantly focus on classification tasks, naturally employing class names as
prompts, while semantic segmentation tasks which require more complex pixel-wise labeling are
yet to be explored.

In this study, we aim to explore the advantages and challenges of using generative image dif-
fusion models for the semantic segmentation task and investigate their usefulness under the UDA
scenario. Our primary objective is to generate target domain-like images along with their corre-
sponding semantic segmentation labels, utilizing pretrained text-to-image diffusion models. Fur-
thermore, we evaluate the effectiveness of our generated dataset by training a segmentation model
on it and assessing its performance on the validation dataset from the target domain.

1.1 Focus of this Work

We try to answer the following three questions:

* How to employ diffusion models to generate images and corresponding segmentation masks ?
Essentially, given complete access to a specific domain, our objective is to generate images
that resemble this domain and are labeled correspondingly. It is worth noting that we operate
within a single domain for this task, in order to explore the generative capabilities of diffusion
models by simplifying the problem.

* How to adapt a diffusion model pre-trained on the source domain to the target domain?
Once the model is ready for paired image and label generation, the aim within the UDA
context is to transfer the style of the generated data into the target images, while also main-
taining the aligned generation ability of the generative diffusion model learned from the
source domain data.

* How useful are the generated datasets in the UDA setting? To examine the viability of
the generated dataset for pre-training the semantic segmentation model, we implement a
closed-loop evaluation by testing the model on a real-world dataset.
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1.2

Thesis Organization

This thesis is organized as follows:

Chapter 2 introduces works related to our topic. The focus primarily lies on controllable gen-
erative diffusion models and their applications. Additionally, we will review their utilization
in dataset synthesis.

Chapter 3 details our proposed approach. The problem statement is clarified. We explain the
methodology from the viewpoint of labeled data generation and style transfer, and further
propose strategies to tackle specific challenges within the dataset.

Chapter 4 illustrates the experiments and presents the results accordingly. Experiments in
different settings and implementation details are explained. Ablations to examine the syn-
thesis quality of our dataset are also provided.

Chapter 5 discusses our observations, potential applications, and future perspectives of our
approach.

Chapter 6 presents the conclusions drawn from our work.



Chapter 2
Related Work

In this chapter, we review works related to generative diffusion models, with a particular emphasis
on controllable diffusion models and their diverse applications. Additionally, we delve into the
subject of generating synthetic datasets using these generative models.

2.1 Generative Diffusion Models

Advancements in deep learning techniques have led to a surge in deep generative models. Varia-
tional autoencoders (VAEs) [36] model a lower bound, implicitly learning the probability density
over the latent space. Generative adversarial networks (GANs) [23] provide a sampling mechanism
for generating new data, without offering a likelihood estimate. On the other hand, normalizing
flows [47] model the true data distribution by using a sequence of invertible functions. However,
even the most advanced of these methods, GANS, still encounter challenges such as training in-
stability and mode collapse issues [6]. Recently, diffusion probabilistic models have demonstrated
state-of-the-art image generation quality, and we will delve into these diffusion models in the fol-
lowing sections.

Diffusion Probabilistic Models. Diffusion probabilistic models[S7, 28] are capable of creating
data through a process of iterative denoising. Their approach involves a forward process in which
noise is added into data distributions, which is subsequently reversed in order to recover the original
data. These methods essentially use U-Net [S0] as their neural network architecture. Notably,
Dhariwal et al. [[15]] introduce various techniques such as architectural improvements and classifier
guidance, that help diffusion models beat GANs [23]] in image generation tasks. Song et al.propose
Denoising diffusion implicity models (DDIM) [58] to improve sampling methods. An inherent
challenge in image diffusion methods is their direct usage of pixel colors as training data, leading
to computational intensiveness. As a result, a substantial amount of research [49, 46, 64] has been
focused on reducing computational power requirements and scaling up these models. Especially,
latent diffusion model (LDM) [49] is a prominent model that decreases computational costs by
applying the diffusion process to a low-resolution latent space.

Text-to-Image (T2I) Diffusion Models. With improved inference speed and lower memory cost,
diffusion models can be successfully scaled for text-to-image generation with webscale data. Rad-

4
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ford et al. [45]] introduce CLIP as scalable approach for learning joint representations between text
and images. The CLIP model includes an image encoder and a caption encoder. During its training
phase, the model is optimized via a contrastive cross-entropy loss, which promotes a high dot prod-
uct for pairs of images and their associated captions. The result is a model capable of effectively
mapping text descriptions to corresponding images. Following the introduction of CLIP, a number
of subsequent studies [43], 149, 46] have utilized it to guide their image generation processes. For
instance, the Stable Diffusion (SD) model [49] leverages the text encoder of CLIP to transform
text tokens into a textual representation. This representation is then used as an input for the cross-
attention layer within a denoising U-Net model, helping to guide the image generation process. To
gain a deep level of language understanding, Imagen [53] uses larger pretrained frozen language
models, and introduces a comprehensive and challenging benchmark for text-to-image models.

2.2 Controllable Diffusion Models

Text prompt offers only an approximate definition of an object’s position or appearance in images,
presenting a limited degree of controllability. To improve this, there is a growing need to integrate
more diverse control modes, such as user-generated sketches, semantic masks, reference styles,
personalization features, and so on, in conjunction with the text description in these models.

Conditional Image Generation. Conditional generation methods require training new diffusion
models that accept the prompt as an additional input [29, 41, [72, 33| [74, 20, 24]]. For instance,
solutions like ControlNet [72] and T2I-Adapter [41] seamlessly integrate lightweight adapters into
pre-existing T2I diffusion models. This integration facilitates the addition of extra condition sig-
nals, making the process of fine-tuning more cost-effective. Zhao et al. [[74] further categorizes
various conditions into local conditions and global conditions and proposes Uni-ControlNet to
combine multiple conditions. [20] inject structure information (a segmentation map) and appear-
ance information (image features from a pretrained encoder) into the diffusion model, allowing
for object-level modifications. Several researchers [12, |10, |34] have expanded these methods to
control video generation or 3D creation. For example, [10] builds upon ControlNet and introduces
a technique based on residual noise initialization, which leverages prior motion data to produce
consistent videos.

Guided Image Generation. Research in this area [[15} 3}, 5] uses pre-trained diffusion models as
base models and tweaks the sampling process to direct image generation based on feedback from
the guidance function. Dhariwal et al. [15] propose classifier guidance, in which a classifier is
trained on images across different noise scales as the guidance function f. This function’s gra-
dients are incorporated during the sampling stage. [3] investigates universal guidance algorithms
that employ any off-the-shelf guidance functions f, like object detection or segmentation networks,
to guide image generation with diffusion models. Also, several studies modify the self-attention
and cross-attention maps to influence the sampling process. For instance, [4] facilitates structure-
guided generation by manipulating intermediate self-attention maps of a masked generative trans-
former. [27] modifies images by injecting the cross-attention maps during the diffusion process,
regulating which pixels pay attention to which tokens of the prompt text at various diffusion stages.

5
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Personalized Text-to-Image Synthesis. Numerous studies have explored how to customize im-
ages of individual items by leveraging the power of pre-trained text-to-image models. [18] finds
text representations (e.g., embedding, token) corresponding to a set of images of an object without
changing the parameters of the text-to-image model. DreamBooth [52] on the other hand, fine-
tunes the whole text-to-image model based on a few images that depict the subject of interest,
offering more expressiveness and detailed capture of the subject. Custom Diffusion [37] and SVD-
iff [25] have taken DreamBooth a step further by enabling the simultaneous synthesis of multiple
subjects, offering advantages such as a smaller model size and faster fine-tuning speed.

Image Style Transfer with Diffusion Models. A large body of work has investigated style trans-
fer using deep networks by solving a composite objective of style and content consistency [[19]. In
this context, we will discuss a few approaches that leverage diffusion models. Kwon and Ye [38]
propose a method that guides the style transfer process using content and style inference. Addi-
tionally, Kawar et al. [35] introduce optimization-based methods for style transfer. However, these
methods often require considerable computational resources for inference and carefully adjusted
hyperparameters. On the other hand, ArtFusion [7] takes a different approach by treating both
content and style as conditions for the LDM, demonstrating its potential for effective style transfer.

2.3 Synthetic Datasets

Utilizing generative models for meaningful data generation to support downstream applications
has been a subject of active research. DatasetGAN [73]] upsamples feature maps from StyleGAN
and trains a supplementary label branch for StyleGAN using a limited number of labeled examples.
This technique permits the automatic generation of images and their corresponding pixel-wise la-
bels, yielding results that surpass semi-supervised baselines in object-part segmentation. Sun et
al.[S9] leverage pre-trained GAN models to synthesize images and object bounding boxes guided
by the few-shot samples, helping object detection domain adaptation in a source-free few-shot
manner. Owing to superior training stability and convergence, recent techniques [26, 54} 2, [16),
39,160, 165]] have begun adopting cutting-edge diffusion-based models for dataset creation. Works
like [26, 54, 2] make use of large-scale pretrained TI2 diffusion models with label names built
as language inputs to generate images, and the coupled labels and images are then used to train
classification models, thereby examining the potential usability of synthetic data for image recog-
nition. [39]] takes a different route by studying the applicability of synthetic data to knowledge
distillation. [16} 160] augment the training data and evaluate the model on image classification
tasks, but they employ distinct methods to create augmented data. The former leverages large lan-
guage models and text-conditioned image editing methods, while the latter edits images to alter
their semantic attributes.

While these studies have shown the potential usefulness of synthetic data generated from state-
of-the-art diffusion models, the scope of these investigations has been largely confined to classifi-
cation issues or object detection, and the tasks are typically limited to particular settings. In this
thesis, we focus on more complex semantic segmentation tasks and investigate the feasibility of
using the generated data for downstream applications.
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2.4 UDA for Semantic Segmentation

The domain-adaptive semantic segmentation field has been actively researched, especially with the
emergence of autonomous industries. Under the UDA scenario, semantic segmentation tasks in-
volve input images from both source and target domains, along with the source’s semantic ground
truth labels. These tasks are generally approached using two main frameworks. The first frame-
work utilizes GANSs, which leverage adversarial loss to align the source and target domain distribu-
tions [66} 22,162, 163]]. The second approach employs a self-training framework [77,131, 161,167, 32],
where a “teacher” model trained on the labeled data annotates the unlabeled data with pseudo-
labels. Subsequently, the ”student” model learns from both labeled and pseudo-labeled data, and
this process is iterated. Moreover, various data augmentation techniques have been incorporated
into many works [1}, 32, [11}, 144, 61, [76l]. For instance, [1]] employs photometric noise, multi-scale
fusion, and random flipping to encourage model invariance to photometric perturbations. [61, [76]
use cross-domain mixup strategies for consistency regularization. In the typical UDA setting for
semantic segmentation, commonly used source datasets are Synthia [51] and GTAS [48]], while
Cityscapes [13]] and Mapillary Vistas [42] are frequently adopted as target datasets.



Chapter 3
Methodology

In this chapter, we lay out the methodologies adopted in this study, with the goal of aiding unsuper-
vised domain adaptation using generative diffusion models to produce high-realism datasets. The
initial step explores the synthesis capabilities of the generative diffusion model, with a particular
focus on generating images and corresponding labels within a given domain. Thereafter, we shift
our focus to stylization techniques that empower the model to transfer style from one domain to
another while retaining the knowledge derived from the original domain. This approach enables
us to fully utilize the wealth of segmentation masks in the source domain where masks are readily
available, and simultaneously generate images reminiscent of the target domain. We also confront
two challenges commonly encountered in dataset handling, namely, imbalanced distribution and
the presence of small objects. To address these issues, we have employed two strategies: rare class
sampling and small component refinement, which are aimed at mitigating bias and enhancing the
accuracy of the model’s conditioning respectively.
This chapter is organized as follows:

1. We first outline the primary goal of this research and formulate the problem.

2. We discuss three pathways in labeled image generation for semantic segmentation, namely
grounding-based, guidance-based, and condition-based generation.

3. We show the DreamBooth fine-tuning technique for different domain representations.

4. We present the complete model employing U-Net swap to generate an aligned, yet realistic,
labeled dataset.

5. We propose strategies to address issues of imbalanced class distribution and the absence of
small objects.

3.1 Problem Statement

The aim of this thesis is to produce images that closely resemble the target domain and their
corresponding semantic segmentation masks, in the context of unsupervised semantic segmenta-
tion domain adaptation. Given the labeled source domain (a synthetic dataset), represented as

DY = {(af,y )}zzv:l and the unlabeled target domain (a real dataset), symbolized as DT =
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{xiT}jv:tl, the primary objective is to create the target domain-like labeled dataset, denoted by

D¢ = {(z¥,y") }jv:gl In these notations, z and ¥ stand for the images and their corresponding
labels, respectively, whereas Ny, Ny, and N, symbolize the total number of images present in each
dataset. The generated images are expected to closely match the distribution of the target domain,
implying that & should bear a resemblance to 7.

3.2 Preliminary: Stable Diffusion

In this study, we base our methodology on the recent state-of-the-art text-to-image diffusion model,
i.e., Stable Diffusion (SD) [49]. SD is a two-stage diffusion model, which contains an autoen-
coder and an U-Net denoiser. During the first phase, SD trains an autoencoder with the capacity
to transform natural images, denoted as X, into a latent space and subsequently reconstruct them.
Following this, in the second phase, a modified U-Net [50] denoiser is trained by SD to execute
denoising operations directly within the latent space. In the inference phase, the input latent map
Zr is randomly generated from a Gaussian distribution. With Z given, it provides a noise estima-
tion € at each iteration ¢ and subtracts it from Z. The final output Z, representing the uncorrupted
latent, is passed into the autoencoder’s decoder to yield natural images. In the conditional part, SD
employs the pretrained CLIP [435]] text encoder to convert text inputs into embedding sequences y.
It then leverages a cross-attention model to integrate y into the denoising procedure. This can be
expressed as:

{Q—WQ-sb(Zt);K—WK~T(Y);V—WV~T(y) G

. o QKT
Attention(Q, K, V) = softmax <W> Y

where ¢(-) and 7(-) represent two learnable embeddings, while W), Wi, and Wy, denote learnable
projection matrices.

3.3 Labeled Image Generation

Pretrained text-to-image diffusion models have demonstrated remarkable proficiency in generat-
ing images based on prompts. However, to allow for the automatic acquisition of corresponding
segmentation masks, the model needs additional capabilities to manipulate and work with masks
within its structure. To explore this, we begin by simplifying the problem by operating within a
single domain. Here, we have paired images and labels for a specific domain, and the goal is to
train the model to recognize the semantic information of the generated image.

To achieve this goal, we explore different approaches where segmentation masks play distinct
roles in the generation process. In the grounding-based generation approach, masks are generated
as an augmented product of the diffusion model. In contrast, in the guidance-based and condition-
based generation approaches, existing segmentation masks are employed to influence and guide
the image generation process, albeit in different manners: a non-learning-based fashion for the
former and a learning-based fashion for the latter.

We provide a detailed introduction to each method below, and we will select the most promising
one for the remainder of our study. The performance of each method and their advantages and
disadvantages are presented in section 4.3.1
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Generated image

smmmmd Pretrained Segmentor

|

Generated mask Pseudo GT mask

Figure 3.1: The overview of grounding-based generation. The image generation branch adopts
the original SD model. Meanwhile, the label generation branch utilizes prompt embeddings and
intermediate features extracted from the SD models as inputs to train a grounding module. This
grounding module is supervised by pseudo-labels obtained from an off-the-shelf semantic segmen-
tation model. A lock sign is used to indicate that the weights are frozen.

3.3.1 Grounding-based Generation

Generative models that are trained to synthesize highly realistic images usually rely on vast col-
lections of datasets sourced from various fields, which implies that these models implicitly acquire
semantic knowledge represented in their high-dimensional latent space. DatasetGAN utilizes
this concept by extracting the GAN’s feature maps and then training a multilayer perceptron (MLP)
classifier on top of these feature maps in a supervised manner. Similarly, pretrained diffusion mod-
els have been shown to provide excellent feature representations for semantic segmentation tasks
[40, 75,169, 21]]. In light of this, we implement grounding-based image-label pair generation, based
on the work of Li et al. [40].

The workflow of the grounding-based generation method is illustrated in Figure [3.1} For the
image generation, we adopt the original SD to generate the image, with street scene-related text
information and Gaussian noise as input. For the label generation, the extracted intermediate
features of SD, along with the text embeddings, are used as inputs to train a grounding module that
predicts the semantic labels.

To train the grounding module, we leverage an off-the-shelf model pretrained on the target
domain to generate pseudo-ground truth labels. These pseudo-ground truth labels then supervise
the grounding network during training. In essence, this approach treats the masks as an additional
output of the generative model. This method attempts to harness the implicit semantic informa-
tion present in the diffusion model’s intermediate features, using them to generate corresponding
segmentation masks for the generated images.

10
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Stable Diffusion

U-Net Block

Guidance mask Predicted mask

Noise
. —— Correction Term —— .4—— Pretrained Segmentor

Figure 3.2: The overview of guidance-based generation. The guidance function calculates the
noise correction term to influence the sampling process.

3.3.2 Guidance-based Generation

Several studies [3}, 71} [70, [8] have developed training-free, guidance-based generation methods
to control image generation. These methods exploit a unique feature of the diffusion model - its
iterative denoising process. In the context of this work, we explore the guidance-based generation
following the approach outlined by Bansal er al. [3]].

As depicted in Figure [3.2] the guiding principle behind this approach is to modify the noise
prediction during the sampling process and direct its trajectory based on the input mask. Specif-
ically, at each forward sampling timestep, the predicted noise helps initially reconstruct a clean
data point using [58]]. Following this, an off-the-shelf auxiliary semantic segmentation network
is subsequently applied to the reconstructed clean image to derive the predicted logits. To guide
the generation, the guidance function cross-entropy loss between the predicted logits and the input
guidance mask is computed and the gradient step of this calculated loss then serves as a corrective
term for the original noise estimation.

This correction to the noise prediction allows us to guide the image generation process without
needing to train the model. The corrected noise prediction is given by:

gé‘ (Ztat) = €9 (Ztat) +m-y 1- Q- VZtE (C7 f (20)) (32)

Here, /1 — o; controls guidance strength for each timestep ¢. The term c is the input guid-
ance mask. ¢ and f represent the guidance function and the off-the-shelf segmentation network
respectively.

Overall, this modification of the sampling process steers the image generation process to
produce results that adhere to the semantics present in the input guidance mask. However, the
guidance-based generation requires the use of existing masks, which is not available in the UDA
setting. Despite this limitation, we still consider this approach worth exploring with the assump-
tion that acquiring masks is a relatively easy task to achieve, and we will talk about the specific
strategy used to deal with masks in section [3.4]

11
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3.3.3 Condition-based Generation

The condition-based generation approach regards the mask as an additional input for the neural
network blocks, allowing for more control over the image generation process, as demonstrated in
Figure[3.3a] With this method, we generate an image-label pair dataset where the generated images
adhere to the structure outlined by the conditioning masks. Works such as those by [72, 41]
embed the conditioning information through lightweight adapters and inject the embedding into
frozen pretrained SD models. Meanwhile, [33] trains a comprehensive diffusion model from
scratch to achieve substantial controllability for both single and multiple conditions. We employ
the ControlNet [72] in this study due to its powerful controllability and manageable computational

requirements.
7,_ Conditioning . .
Encoder
cf
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: 2t
Generated image
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(a) The overview of condition-based generation. (b) The architecture of ControlNet.

Figure 3.3: The condition-based generation. (a) The overview of condition-based generation. In
this approach, an additional network is employed to encode the conditions and incorporate them
into the SD model. The pre-trained SD model utilizes fixed parameters for generating natural
images based on both the text condition and the additional conditions. Here we adopt ControlNet as
the condition encoder network. (b) The overview of the architecture of ControlNet. It is comprised
of replicated SD blocks (encoder and middle blocks) and zero convolutions.”

Figure @ shows the basic architecture of ControlNet, indicated by the dashed line. The
input condition, which is represented as a one-hot encoding, is initially processed via a series of
convolutional layers. This step ensures that the size of the latent code of the SD model matches
the conditioning encoding. The conditioning encoding is subsequently passed through ControlNet.
This network makes a direct copy of the original SD’s encoder and middle blocks, retaining their
weights as well. This feature speeds up the optimization process as it eliminates the need for
training from scratch. These copied weights also make optimization faster because it is not trained
from scratch. In addition, the copied network is wrapped by zero convolution layers, which consist
of a 1x1 convolution layer with both weights and bias terms initialized as zeros. This ensures that
the additional input, when injected into the original SD model, doesn’t have any initial influence
on the optimization process.

12
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Like the guidance-based generation approach, masks are essential for the generation process in
this method. The same assumption regarding masks holds in this context as well.

3.3.4 The Role of Text Prompts

SD model is originally a text-conditioned diffusion model, with image generation significantly
reliant on text prompts. In the three approaches discussed above, different text prompts are utilized
according to the varying controllability characteristics of each approach.

For both grounding-based and guidance-based generation, the generated image is directly
guided by the text prompts. Thus, these prompts must be highly detailed and designed with care. In
practice, we apply a prompt generator to create a variety of text descriptions utilizing pre-specified
class names and their respective characteristics, drawing from domain knowledge. As an example,
a class of interest, such as ”bus”, can be represented as either a singular noun ”a bus” or a plural
noun “a group of buses”, and can possess different states such as “parking”, ’riding”, or ”waiting”.
Moreover, it can be described to denote its relations with other classes, such as ”on the road”, ’near
a person”, etc. Different qualifiers like colors, vehicle styles, and various weather conditions can
also be utilized to diversify the resulting image. An example of a comprehensive text prompt could
be: ”a photo of a yellow bus parking near a sidewalk, during intense traffic, in focus, unoccluded,
centered, high quality, professional, very detailed”.

While in the condition-based generation approach, the direction of image generation is driven
towards the input condition through a relatively high guidance scalar. This allows the generated
image to identify objects from the structural guidance provided by the conditioning mask, thereby
reducing the influence of text prompts, which can hardly provide structural guidance to image
synthesis. This approach simplifies the process by eliminating the need for an artificial prompt
generator, and instead, directly using a list of class names that are present in the input condition
masks as text prompts. For instance, a comprehensive text prompt could be “car, road, sky, rider,
bicycle, vegetation, building”.

3.4 U-Net Swap Style Transfer

After a comparative review of the results from each method as detailed in section 4.3.1} we opted
to use the conditional model ControlNet for generating labeled data, given its relatively superior
accuracy. Next, we propose ways to modify ControlNet to further improve its controllability con-
cerning style transfer, thereby aiding in data generation in the context of UDA.

3.4.1 DreamBooth Fine-tuning

DreamBooth [352] is designed to fine-tune text-to-image diffusion models for what’s known as a
subject-driven generation, the process of creating new images of a specific subject within varied
contexts. It utilizes a unique token to represent the subject (for example, "A S* dog”, with S*
standing for the unique token), and fine-tunes the pretrained diffusion models using a few subject
images to bind the unique token identifier with the subject instance. To prevent the model from
overfitting the subject instance on the subject class, it also introduces a class-specific prior preser-
vation loss. This loss supervises the model using its own generated samples guided by a general
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/ Source Domain

/ Target Domain

Figure 3.4: The DreamBooth fine-tuning on the target domain and the source domain.

class description that the subject instance belongs to (e.g., ”A dog”). This approach ensures the
model learns about the subject instance while still preserving knowledge about the class prior,
enabling it to produce a ”personalized” image that still maintains diversity.

Instead of requiring subject preservation, our work seeks to generate images that mimic the
target distribution. Therefore, we utilize DreamBooth primarily as a general fine-tuning method
to adjust our model using images from a specific domain. Specifically, we fine-tune two SD U-
Nets within the source and target domains, which enables them to generate images in the styles
of GTAS and Cityscapes independently, as depicted in Figure [3.4] The objective here is to adapt
the SD model from an initial domain into a specific one to capture the distinctive appearance of
this particular domain. In doing so, the model should acquire the capacity to consistently produce
images that embody the unique features of a given domain. It is worth noting that no masks are
required in this process.

3.4.2 U-Net Swap

With two independently pretrained SD U-Nets, subsequently, we perform U-Net swap during the
training phase and inference phase. The idea behind this is to allow the fine-tuned SD U-Net
weights to govern the specific domain style, while ControlNet ensures that the generation adheres
to the conditioning layout. This approach is illustrated in Figure [3.5]

Training Phase. During the training phase, we utilize the U-Net that has been fine-tuned on the
source domain, with its weights frozen. The trainable ControlNet is then trained using the image-
mask pairs dataset derived from the source domain. By doing this, we aim to have the ControlNet
branch primarily focus on layout control, thereby placing less emphasis on appearance styling, as
the left part of the SD U-Net is already generating images in the style of the source domain.

Inference Phase. During the inference phase, the trained ControlNet is frozen, while we
replace the source domain’s SD U-Net with the one that has been trained on the target domain.
This approach essentially allows us to maintain the semantic control that the ControlNet branch
has learned from the source domain, while the interchangeable U-Nets facilitate the transfer of
style to the target domain. As a result, when provided with a mask from the GTA dataset, our
model can generate images that mimic the style of the Cityscapes dataset while adhering to the
structural guidance from the source domain.

With DreamBooth fine-tuning and U-Net swap, we illustrate a complete process to achieve
aligned and realistic labeled dataset generation. This approach eliminates the need for target labels,
underscoring the potential of our method in assisting with complex UDA tasks.
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Figure 3.5: The overview of U-Net swap. Using a source domain pretrained SD U-Net during
ControlNet training phase and a target-domain pretrained SD U-Net during inference phase.

3.5 Generation Quality Improvement

Like most datasets, the GTA dataset encounters the issue of imbalanced class distribution. This
imbalance presents challenges for ControlNet training, as it may struggle to recognize rare classes
such as trains and motorcycles. The proportion of pixels for each class in the GTA dataset is
shown in Figure [3.6] Another challenge faced by the model is the accurate generation of small
objects. Since the SD model operates in latent space, it can be particularly challenging to generate
these small objects accurately. To mitigate these issues, we further apply Rare Class Sampling
(RCS) [31] and Small Components Refinement (SCR) strategies to enhance the quality of image
generation.

3.5.1 Rare Class Sampling (RCS)

The imbalanced class distributions in the dataset can cause difficulties, resulting in a biased model
toward common classes. The Rare Class Sampling (RCS) technique is applied to address this issue
by increasing the sampling probability for less frequent classes, thereby offering a more balanced
training process.

To implement RCS, we begin by calculating the frequency f. of each class c¢ in the source
dataset, based on the number of pixels that belong to a particular class c:

N HxW [ (ije
> it1 j:Xl [yg ’ )]
c Ng-H-W
Here, Ng represents the total number of images in the source dataset, and H and W denote the
height and width of the images, respectively. The notation y(Sw ) stands for the class label of the

(3.3)
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Figure 3.6: Class statistics of the GTA dataset.

pixel at position (i, 7) in the image. The sampling probability P(c) of a certain class c¢ is then
defined as a function of its frequency f,:

S e/ T

P(c) = (3.4)

where C' denotes the total number of classes and the hyperparameter 7" controls the smoothness of
the distribution. A higher 7' leads to a more uniform distribution across classes, while a lower T’
results in a distribution that focuses more on the rare classes.

By applying the RCS technique, we increase the model’s attention towards rare classes during
training, thereby enhancing its performance on these particular classes.

3.5.2 Small Components Refinement (SCR)

The presence of small components in an image can pose challenges for the generation process.
These components can be either overlooked or inaccurately generated, affecting the overall image
quality. For example, as shown in Figure [3.7a] the model fails to generate distant objects like the
rider and the round traffic sign in the first generation. To address this issue, we adopt a straightfor-
ward refinement strategy, and the process is illustrated in Figure

Firstly, we perform a connected components analysis on the input condition masks from the
source domain. We then select those components that contain a number of pixel values lower
than a certain threshold - these are what we consider ’small components’. Next, we take a small
crop from the mask that includes the small components, and then directly upsample this cropped
mask using a nearest neighbor resampling filter. The resulting enlarged conditioning mask is used
as input to regenerate the image and offers better control over the previously overlooked objects.
Upon regeneration of the small components, we downscale these regenerated components to match
the original size of the image crop. We then integrate these refined parts into the initially generated
image. The result of this process is a refined image that offers a higher degree of alignment between
the input mask and the generated image. This method allows us to more accurately generate and
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represent small components within the final image, enhancing the overall quality and realism of
our generation process.

Conditioning mask Initial generation

(a) The initial generation without small components refinement.

Conditioning mask Refined generation

Connected
Upsample & Downsample
Components > >
. Regenerate & Paste back
Analysis

(b) The small components refinement process and the refined generation result.

Figure 3.7: The overview of small components refinement (SCR) strategy.
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Chapter 4

Experiments and Results

In this chapter, we first provide an introduction to the experimental setup, detailing our data sources
and the metrics used. We then elaborate on the specific implementations used for the various
components of our process. In the results section, we draw comparisons between multiple labeled
data generation methods within a single domain setting and also discuss the performance of our
downstream segmentation task within this context. Further, we present experiments designed to
validate the advantages of our proposed methods in the UDA setting. We also carry out an ablation
study to further evaluate the effectiveness of our proposed strategies.

4.1 Experimental Setup

4.1.1 In-domain Experiments

To evaluate the capabilities of diffusion models in generating labeled data, our initial experiments
are conducted in-domain. This means that we have complete access to images and labels from the
target domain (Cityscapes), which are utilized for training the diffusion models. We compare all
three labeled data generation methods in this context, choosing the most promising for subsequent
cross-domain experiments.

We additionally conduct a downstream semantic segmentation task using the most promising
generation approach. This provides valuable insights into the extent to which our generated dataset
can accurately mimic the target distribution.

4.1.2 Cross-Domain Experiments

In order to verify the validity of our proposed method in aiding the domain adaptation of semantic
segmentation models, we carry out experiments in a cross-domain (UDA) setting. In this scenario,
we use labels from the source domain (GTAS) to generate images that resemble those from the
target domain (Cityscapes). These generated images and corresponding labels are then used to
train a segmentation model from scratch. We evaluate the performance of the trained model on the
validation dataset from the target domain to assess the effectiveness of our method.
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4.1.3 Datasets and Metrics

We utilize two datasets in our experiments. The target dataset, Cityscapes [13], comprises 2,975
training images and 500 validation images. These images, captured from a car in urban settings,
have a resolution of 2048x1024 and are labeled across 19 classes. On the other hand, the source
dataset, GTAS [48]], includes 24,966 synthetic images with a resolution of 1914x1052. The classes
in the GTAS dataset are matched to those in the Cityscapes dataset.

For performance evaluation, we report the Intersection over Union (IoU) for each class and
the mean Intersection over Union (mloU) over all classes- these are standard metrics in semantic
segmentation tasks. For the labeled data generation methods, we calculate the mloU between
the image-label pairs within the generated dataset. For downstream semantic segmentation tasks,
the mloU is computed between the labels predicted by the model (which has been trained on the
generated dataset) and the ground truth labels on the target validation dataset.

4.2 Implementation Details

Here, we present the general setting utilized throughout all steps of our study. Unless otherwise
specified, all the pre-trained SD models used in our experiments are the RunwayML-v1-5 version.
Furthermore, all the generated images maintain a resolution of 512x512 pixels. In terms of the
reverse denoising process of diffusion models, we use 20 denoising steps. More denoising steps
usually lead to a higher quality image at the expense of slower inference, yet we find that there is
no discernible difference in visual results between 50 and 20 denoising steps, so we adopt a smaller
number of steps for faster inference.

4.2.1 In-domain Labeled Image Generation
Grounding-based generation

The architecture of the grounding module is based on the approach proposed by Li et al.’s work [40]].
However, unlike the original study that outputs single-class masks and employs a binary cross-
entropy loss, we have extended the output channels to accommodate 19 classes from Cityscapes
and have implemented a multi-class cross-entropy loss. The pseudo ground truth masks are ob-
tained from an off-the-shelf model, SegFormer, which has been pre-trained solely on the Cityscapes
dataset, and we benefit from the implementation from the work [31]. We train the grounding mod-
ule on an RTX 2080 Ti for 10 epochs, which consumes approximately 20 GPU hours. The initial
learning rate is set to le-4 and the weight decay is le-4.

During inference time, We generate 1000 images using a hand-designed prompt generator (as
discussed in Section [3.3.4) as a training dataset.

Guidance-based generation

The implementation is based on the work [3]. The off-the-shelf model and the approach used for
text prompts generation are the same as the ones used for grounding-based generation. We set the
guidance scalar to m=400. The number of DDIM sampling steps used is 500, and the iterations are
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repeated 10 times. In practice, we only experimented with a single class of cars in this method, as
the optimization process is relatively costly, taking 90 minutes.

Condition-based generation

We employ ControlNet [72] as the additional SD adapter for the condition-based generation. It
replicates 12 encoder blocks and 1 middle block from the original SD model. Each encoder block
comprises downsampling convolutional layers, ResNet layers, and Vision Transformers (ViTs).
The ViTs incorporate multiple cross-attention and/or self-attention mechanisms. The text prompt,
described as a list of class names that appear in the mask, is encoded using OpenAI’s CLIP [43]].
The diffusion time steps are encoded via positional encoding.

SD works in latent space, which requires ControlNet to adjust the image-based conditions to
match the convolution size. To achieve this, we utilize a tiny conditioning embedding network to
convert the one-hot encoded condition (of size 512x512x20, where 20 signifies 19 classes from
Cityscapes and one background class) into a 64x64x4 feature space.

We train an oracle model using Cityscapes training images and labels, randomly cropped to a
resolution of 512. The model is trained with a learning rate of 1e-5 and a batch size of 8 on an RTX
3090 GPU for one day. During inference, the DDIM scheduler uses 20 sampling steps, and we use
labels from the Cityscapes training dataset as input conditions to create our generated dataset.

4.2.2 Cross-domain Labeled Image Generation
DreamBooth Fine-tuning

We fine-tune two separate SD models using the Cityscapes training dataset and the full GTAS
dataset. These models are trained with images that have been randomly resized and cropped to
a resolution of 512. We employ a constant learning rate scheduler with a learning rate of 2e-6.
The number of training iterations is set to 4500 for the target domain fine-tuning and 10000 for
the source domain fine-tuning. We train on an RTX 3090 GPU for around 2 hours. Unlike the
methodology presented in [52], we keep the text encoder frozen in our experiments.

U-Net Swap for ControlNet

In this cross-domain experiment, we train ControlNet on the source domain, namely full GTAS
images and labels, with the same hyperparameters that were used in the oracle model training
mentioned in section However, here we replace the original SD model with the one that has
been fine-tuned on the source domain.

For the generation of images, we make another swap in the SD model, this time substituting
it with the one fine-tuned on the target domain. Using masks derived from the GTAS dataset as
input, we proceed to generate 3000 images that closely emulate the visual style of Cityscapes.

We incorporate the Rare Class Sampling (RCS) method during both training and generation
stages, setting a temperature scalar of 0.01. As for the Small Components Refinement (SCR)
strategy, we employ a minimum area threshold of 3000 to select small components. The refinement
process can be repeated up to a maximum of 20 times to ensure better alignment with the input
mask.
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4.2.3 Semantic Segmentation Model Evaluation

We validate the generated datasets by utilizing them in downstream semantic segmentation tasks.
More specifically, we train a semantic segmentation model, SegFormer [68]], in both in-domain
and cross-domain scenarios. For both of these settings, the segmentation model is trained using
the generated datasets and subsequently validated on the real-world Cityscapes validation dataset.
The training process is performed on an RTX 2080 TI GPU and consists of 40,000 iterations with
a batch size of 2. This process takes approximately 7 hours to complete.

For the validation phase, we resize the Cityscapes validation dataset to a resolution of 1024x512.
The inference process is carried out in a sliding window fashion, where we utilize patches of size
512 with a stride of 256.

4.3 Results

4.3.1 In-domain Experiments
Labeled Image Generation

In this section, we evaluate three different methods for generating labeled images within the do-
main, both qualitatively and quantitatively. In addition, we investigate the strengths and weak-
nesses of each of these methods.

The qualitative results of the three approaches are shown in Figure

Grounding-based Generation In Figure the leftmost two columns display our generated
image and label pairs based on the grounding-based generation approach, while the third column
displays the pseudo-ground-truth masks produced by the off-the-shelf model. The first row of
images shows that this method is good at generating high-quality images and corresponding masks
for common classes and large objects. The presence of cars, roads, and trees in these images
suggests that the model can reliably handle these categories and generate realistic representations
of them. However, as we move to the more challenging categories, such as shown in the second
row, both our generative model and the oracle model start to exhibit difficulties. For instance, the
oracle model can struggle with differentiating between the car and bus classes. These challenges
are naturally passed down to the generative model, which bases its output on the guidance of the
oracle model. Additionally, the generated image is solely guided by texts, which can hardly provide
structure guidance. Consequently, this leads to uncontrollable and unstable generation results.

Guidance-based Generation As for guidance-based generation, we only conducted tests on
a single common class car, as illustrated in Figure The input label used to guide the image
generation is shown in the first column, while the second and third columns display the generated
result and the predicted label by an off-the-shelf segmentation model, respectively. The generated
image can produce classes that approximately correspond to the guiding mask. However, in gen-
eral, the accuracy is not satisfying. Furthermore, it took approximately 90 minutes to sample such
an image; thus, we refrained from conducting further experiments in this study.

Condition-based Generation As shown in Figure [4.1¢] the left two columns present the input
conditioning mask and the generated image respectively. In the third column, we have blended
the image and the mask to enhance visualization. The condition-based generation exhibits a sub-
stantial improvement in the alignment between the generated images and masks, almost achieving
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Generated image Generated label Pseudo GT Generated image Generated label Pseudo GT

(a) The grounding-based generation.

ops b 1 MG

Guiding label Generated image Predicted label Guiding label Generated image Predicted label

(b) The guidance-based generation.

Conditioning label ~ Generated image Blended pair Conditioning label ~ Generated image Blended pair

(c) The condition-based generation.

Figure 4.1: Qualitative results for labeled data generation.
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pixel-level accuracy. This highlights the superior precision of the condition-based approach when
compared to the guidance-based or grounding-based methods. Notably, the model can also dis-
tinguish between similar classes like trucks and cars, as shown in the first row. Furthermore, the
condition-based generation method shows a significant advantage in terms of controllability, thus
making it a promising solution for labeled data generation and subsequent research.

Quantitative Comparison To further quantify the results, we use the pretrained segmenta-
tion model SegFormer to check the alignment between the image and label pairs in our generated
dataset. In this process, we use the segmentation model to infer the generated images to obtain
the predicted masks, and then calculate the mloU between the predicted masks and the gener-
ated/conditioning labels in the dataset. Given the inefficiency of the guidance-based methods, we
limit our comparison to the grounding-based and condition-based generation methods. Addition-
ally, we draw a comparison with a concurrent work [17] based on a GAN framework, providing
a more comprehensive evaluation of our approach. The results are shown in Table {.1) which
further showcases the superior alignment and high level of control of condition-based generation
over other approaches. Therefore, in the following sections, we will focus on the condition-based
generation for our subsequent analyses.

Grounding-based generation  Condition-based generation (ours)  PairSIS-GAN [17]

mloUt 50.53 60.37 40.6

Table 4.1: Quantitative results for the labeled image generation.

Semantic Segmentation Evaluation We train ControlNet with the labeled Cityscapes train-
ing dataset and utilize Cityscapes masks that are randomly cropped from the Cityscapes training
dataset to generate 6,000 images. We subsequently compared the performance of a semantic seg-
mentation model, which is trained on our generated dataset, to the performance of models trained
on the real Cityscapes training dataset and the GTAS dataset. The results are presented in Table
4.2l Though the performance of our model does not match that of the oracle model, we observe
a substantial advantage in performance over the model trained on the GTAS dataset. This sug-
gests that our generated dataset has imitated the distribution of the target domain to a considerable
degree, showing a promising direction for the UDA setting.

GTA—Cityscapes Gen—Cityscapes Cityscapes—Cityscaps (oracle)

mloU?t 47.67 64.97 76.81

Table 4.2: In-domain experiments results. *—*: the dataset to the left of the arrow indicates
the dataset on which the model is trained exclusively, while the dataset to the right of the arrow
indicates the dataset on which the model is evaluated.

4.3.2 Cross-domain Experiments

In the UDA scenario, given conditioning labels from the GTAS dataset, we generate Cityscapes-
like images. we present qualitative results to illustrate the visual alignment and realism of our
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GTA mask GTA image Generated image GTA mask GTA image Generated image

—=

Figure 4.2: The generation results by conducting the U-Net swap. The paired GTA masks and
images are only used for training, while during inference time, given GTA masks as guidance, we
could generate Cityscapes-like images.

generated images, and also conduct quantitative analysis by evaluating the performance of models
trained on our generated datasets in downstream tasks.

Qualitative results Our generated image-label pairs are shown in Figure The leftmost
column displays the conditioning label cropped from the GTAS dataset. The middle column shows
the original corresponding GTAS image, which is used during the training of ControlNet. The
right columns present the generated image, which adheres to the structural control of the source
domain, while also transferring the style to mimic the target domain.

Semantic Segmentation Evaluation In order to validate the effectiveness of our generated
dataset in the unsupervised domain adaptation (UDA) setting, we train a semantic segmentation
model on these datasets. We then compare its performance with a model trained on the synthetic
GTAS dataset. The results of this comparison are illustrated in Table 4.3} Our model exhibits an
improvement of 3.4 % in performance over the model trained on the synthetic GTAS dataset, which
underscores the value and effectiveness of our generated dataset.

‘Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike‘mIOUT
GTAS5|65.0 198 855 41.0 352 31.1 449 265 873 389 88.0 63.0 203 824 52.0 546 12.0 335 24.8]| 47.7
Ours |93.0 57.3 86.2 50.2 29.2 28.0 315 29.1 868 428 827 652 34.6 87.7 423 509 1.8 37.8 33.1| 51.1

Table 4.3: Cross-domain semantic segmentation evaluation results. As can be seen, the model
trained on our generated dataset outperforms the one trained on GTAS across multiple classes and
achieves a higher overall mloU.
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Conditioning label w/o. RCS w/. RCS

Figure 4.3: The generation results when utilizing RCS.

By generating images that bridge the domain gap, diffusion models have proven their utility
for semantic segmentation tasks, and provide an innovative perspective to tackle the challenges of
unsupervised domain adaptation. Rather than adhering to traditional UDA methodologies, these
results demonstrate the potential for novel approaches that utilize the capabilities of diffusion mod-
els in generating meaningful, high-quality synthetic data that closely mimic the characteristics of
the target domain.

4.3.3 Ablation Study

We investigate the efficacy of the Rare Class Sampling (RCS) and Small Class Refinement (SCR)
strategies within a cross-domain setting.

RCS enables the model to encounter rare classes earlier and more frequently, thereby reducing
the model’s bias. An example of this is depicted in Figure[d.3] In the absence of RCS, the model is
unable to accurately recognize the class 'train’. However, with the application of RCS, the model’s
representation of the class, train, significantly improves. The utility of RCS is also reflected quan-
titatively in Table 4.4 where it is seen to enhance the model’s performance by an increase of +3.8
mloU.

We also confirm the effectiveness of the SCR strategy. Through refined generation, we provide
a more accurate condition, which helps reduce confusion for the model. The application of this
strategy leads to a further improvement in the mIoU score by 3.5, resulting in a final score of 51.1
when both these strategies are employed.

Methods mloUt
RCS SCR (cross-domain)
X b 4 43.8
4 b 4 47.6
v v 51.1

Table 4.4: Ablation study on RCS and SCR.
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4.3.4 Training with Traditional Domain Adaptation Methods

To investigate if traditional domain adaptation (DA) methods can help with our generated dataset,
we train the SOTA UDA method DAFormer [31] with our generated dataset. Additionally, we
compare the performance of the model trained on GTAS with DAFormer as well. The results are
displayed in Table §.5]

Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike|mIoU7{
Gen(w/o. DAFormer) | 93.0 57.3 86.2 50.2 29.2 28.0 31.5 29.1 868 428 82.7 652 34.6 87.7 423 509 1.8 37.8 33.1| 51.1
Gen(w/. DAFormer) |96.0 72.1 88.1 558 382 40.2 38.8 413 87.6 449 86.8 67.5 42.0 90.1 63.8 61.7 89 53.6 60.7| 59.9
GTAS5(w/. DAFormer)| 95.7 70.2 89.4 53.5 48.1 49.6 558 594 899 479 925 722 447 923 745 37.71 65.1 559 61.8| 68.3

Table 4.5: The performance with DAFormer trained on the generated dataset.

We observe that traditional domain adaptation techniques can help with our generated dataset
for each of the classes. However, when compared with GTAS to Cityscapes using DAFormer,
trained on the DAformer, our dataset hasn’t achieved comparable results. The potential reason for
this could be as follows: while we generate the same number of training images as GTAS, our
images have a lower resolution of 512x512. Additionally, since we also apply RCS for dataset
generation, some images with rare classes may be sampled multiple times, while some images
with common classes may not be sampled at all. These factors could result in the model utilizing
relatively less information compared to the GTAS dataset.
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Chapter 5

Discussion

5.1 Trade-off between Style and Alignment

Throughout the ControlNet oracle model’s training phase, we notice that regardless of the pre-
trained weights of the SD backbone model (whether on the prior domain or the target domain),
the ControlNet branch quickly absorbs the style of the training images. Moreover, this ability to
mimic the image’s style becomes even more potent as the alignment improves during training. This
can be challenging for us since we aim to separate the structure from the style. Consequently, we
have decided to investigate a simplified conditioning encoder branch. Instead of fine-tuning the
existing deep encoder (the copied blocks), our aim is to train a lightweight encoder, with the hope
of using fewer parameters to limit its ability to capture the style. As shown in Figure we have
developed a lightweight version of ControlNet by exclusively training the zero convolution layers
indicated by the orange dashed line. The rest of the model’s weights are retained as frozen copies
from the full version of ControlNet.

The qualitative differences are depicted in Figure [5.2] Regarding the image style, we ob-
serve that the lightweight version exhibits fewer artifacts and appears more natural, resembling
real-world images. However, the lightweight encoder’s capability to recognize contents in input
control maps is comparatively less satisfying. As highlighted in the red box, the full deep encoder
outperforms in producing aligned content.

In our project, we believe that aligned image-label pairs are more crucial for model training
in semantic segmentation tasks than styles. Consequently, we have chosen to adhere to the full
version of ControlNet.

5.2 Limitations and Future Work

In this section, we address the limitations of our research and outline potential directions for future
work.

Prompt Engineering Prompt engineering has always been a crucial aspect in text-to-image gen-
eration. In this thesis, we utilized a list of class names as prompts for ControlNet training, which
worked well. However, we acknowledge that the full capability of the language model might not
have been fully explored. One promising avenue for further exploration is to design more diverse
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Figure 5.1: The architecture of ControlNet. Besides training the full ControlNet, we also train a
lightweight version with only zero convolutions being trainable, as indicated by the orange dashed
line. The figure is taken from [72].

prompts that can provide additional information, such as adverse weather conditions. This could
potentially enhance the image generation process and lead to more robust and contextually relevant
outputs.

Domain Generalization In this work, we limit our examination to the Cityscapes dataset. It
would indeed be worthwhile to delve into the model’s domain generalization ability by applying it
to other real-world datasets.

Few-shot Condition Our experiments are conducted in an unsupervised setting where no target
labels are available. However, in a practical scenario, it could be beneficial to annotate a handful of
labels within the training dataset to enhance the performance of the model. As indicated in Figure
[5.3] even 10% of the training data can already yield a relatively high mIoU score. This suggests
that it could be worthwhile to experiment with scenarios involving few-shot learning, which can
potentially lead to substantial performance improvement even with limited data. This remains a
promising area to explore in future work.

Style and Content Disentangle While our method of interchanging two parallel U-Nets for the
source and target domains has achieved a certain degree of style transfer, the disentanglement of
style and content hasn’t been maximized. We attribute this limitation to the absence of explicit
separation and the lack of joint training for these two elements. One potential solution to address
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Figure 5.3: The oracle model performance in relation to the portion of training data.

this issue would be to explicitly represent these two elements and train local structure and global
style in a joint manner. By incorporating such an approach, we believe that we can enhance the
disentanglement of style and content, leading to more effective and accurate style transfer results.
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Chapter 6

Conclusion

In this thesis, we aim to investigate the generation of a realistic and aligned labeled dataset for
semantic segmentation by employing conditional text-to-image diffusion models. Additionally, we
conduct a closed-loop evaluation of our generated dataset in the context of unsupervised domain
adaptation.

Our initial efforts are centered on the target domain, examining the ability of diffusion models
to synthesize labeled data. We delve into three distinct methods for handling semantic segmenta-
tion labels: grounding-based generation, condition-based generation, and guidance-based gener-
ation. It’s found that the condition-based generation technique yields the best generation quality,
and consequently, we further tailor this method for an unsupervised domain adaptation scenario.
In the UDA setting, we implement the U-Net swap technique, which utilizes DreamBooth to fine-
tune two domain-specific SD U-Nets and swaps them during the training and inference phase.
With two additional proposed strategies, we achieve a reasonable image fidelity and alignment for
labeled data generation. We validate our generated dataset, particularly in the UDA setting. Here,
our dataset exceeds the performance of the GTAS dataset, effectively highlighting its value for
unsupervised semantic segmentation domain adaptation.
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