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Abstract

Recent years have witnessed a rapid evolution in the field of artificial intelligence (AI).

As AI becomes increasingly pervasive in real-world applications, the deployment of

machine learning models in real-world applications has underscored critical challenges

in model robustness, fairness and performance. Despite significant advances, existing

models often exhibit biases, fail to generalize across diverse data distributions, and

struggle with unexpected input variations, leading to suboptimal or even discrimina-

tory outcomes.

This thesis addresses these pressing challenges by harnessing the power of large

pretrained models, especially vision generative models. In particular, two key prob-

lems are studied: (1) the identification of model biases and vulnerabilities, and (2)

the utilization of synthetic data generation to improve model generalizability and

performance. Along these lines, this thesis introduces two frameworks: Unsupervised

Model Diagnosis (UMO) and Domain Gap Embeddings for Generative Dataset Aug-

mentation (DoGE), which together offer a comprehensive and accessible solution to

the challenges of model bias and distribution shifts in data.

UMO enables diagnosing model vulnerabilities in an unsupervised manner by em-

ploying generative models to produce semantic counterfactual explanations without

the need for extensively annotated datasets or explicit user input. This framework

facilitates the identification of sensitive semantic directions and spurious correlations

within models, highlighting potential failure modes and biases without human inter-

vention.

Complementing UMO, DoGE introduces a diffusion-based data augmentation

technique that efficiently bridges cross-distribution gaps between training and tar-

get datasets. By capturing and embedding distribution differences in a latent form,

DoGE enables the generation of synthetic datasets that closely align with target dis-

tributions, significantly improving model performance across various tasks.
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The UMO framework’s ability to diagnose model vulnerabilities without extensive

annotated datasets or explicit user input, combined with DoGE’s capability to aug-

ment data distributions to better align with target or underrepresented distributions,

presents a powerful methodology for enhancing model fairness, robustness, and per-

formance. Through these works, this thesis aims to enhance the robustness, fairness,

and performance of machine learning models, thereby fostering the development of

more reliable and equitable AI systems.
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Chapter 1

Introduction

1.1 AI - the Sword of Damocles

Throughout the history of technological evolution, the booming of artificial intelli-

gence marks a revolution unlike any other, surpassing human competence in numerous

exams [86], reshaping industries and ways of working [87], and even shedding light

on our path to all-encompassing AI agents and systems. However, standing at this

inflection point in 2024 and witnessing the explosive growth and integration of AI

into people’s daily lives, we cannot evade from confronting a critical fact: AI is the

”sword of Damocles” of the 21st century.

The transformative power of AI is undeniable. With the emergence of unprece-

dented tools such as ChatGPT [11] and Stable Diffusion [102], AI has revolutionized

countless industries and domains [81]. With the invention of video generation models

like Sora [10], new possibilities for video content creation have emerged in the film

industry [97]. Foundation models are becoming pivotal in advancing autonomous

driving and robotics by enabling long-term reasoning and interaction with diverse

agents, offering promising applications in these industries [132]. In healthcare, AI so-

lutions are improving every aspect of patient care, from medical imagery and clinical

studies to disease diagnosis and patient monitoring [3]. Yet, for all its transformative

potential, the adoption of AI across these critical sectors is shadowed by concerns

over its reliability, fairness, and transparency.

As AI systems increasingly make decisions that directly affect human lives, their

trustworthiness becomes not just a technical consideration but also a societal imper-

ative. Emphasized in the recent US President’s executive order on AI safety, security,

1



CHAPTER 1. INTRODUCTION 2

and trustworthiness [116], this mandate reflects a growing recognition that AI systems

must be fair, transparent, and reliable. The urgency of this issue is not merely aca-

demic; it is a foundational requirement for the continued integration and acceptance

of AI in society. Without trust, the potential of AI to serve the greater good remains

unrealized, hindered by legitimate concerns over bias, discrimination, and unintended

consequences.

1.2 The Imperative of Trustworthiness in AI

However, building trustworthy AI systems faces challenges that are as complex as

they are critical. Data, the cornerstone of AI, often carries the biases of its sources or

the curation process, leading to models that inadvertently perpetuate or amplify these

biases. The infamous instances of facial recognition technologies failing to accurately

identify individuals of certain racial or ethnic backgrounds [34] highlight not just

a failure of technology but a profound breach of ethical standards. Similarly, the

susceptibility of autonomous driving systems to adversarial attacks [15] not only poses

a safety risk but also erodes public confidence in the technology. These examples

underscore the multifaceted nature of the challenge at hand, encompassing technical,

ethical, and societal dimensions.

Moreover, the opacity of complex AI models further complicates the solutions for

trustworthiness. The ‘black box’ nature of many deep learning systems, where the

decision-making process and rationale are obscured and uninterpretable to humans,

contrasts the demands for transparency and explainability. This lack of transparency

not only impedes the ability of users to trust the system’s decisions but also hinders

efforts to diagnose and rectify biases or errors within the model.

1.3 A Comprehensive Approach for Model Diag-

nosis and Improvement

Addressing these challenges, this thesis proposes promising solutions toward trust-

worthy AI in computer vision from both the model and data aspect, leveraging the

latest advancements in foundation models. Similar to doctors tending to patients

by diagnosing and then treating the diseases, this work embarks on a two-phased

journey: diagnosis and treatment of issues of computer vision models.
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To treat model weakness and improve robustness, it is essential to first discover

and understand the underlying biases and vulnerabilities. Indeed, relevant efforts have

been abundant in the past from collecting challenging datasets like ImageNet-A [39]

to adversarial attacks [78] and counterfactual generation [33]. However, observing

traditional methods either rely on extensive test set collection or require unscalable

human interpretation and intervention, the first half of this thesis focuses on a fully

autonomous, unsupervised model diagnosis framework, Unsupervised Model Diag-

nosis (UMO), enabled by the latest advancements in generative models and large

language models (LLMs). Given a target vision model, UMO leverages foundation

toolkits to reveal the model’s vulnerabilities and failure modes through visual counter-

factual explanations and textual attribute analysis without any human supervision.

This framework not only provides insights into the model’s weaknesses but also guides

further measures to enhance model robustness and fairness.

Building on this diagnostic foundation, the thesis transitions to its treatment

phase, where the focus shifts to improving model generalizability and performance

through synthetic data generation. Often, the training dataset can misalign with

the actual production environment where the models are deployed. With the recent

advancement of generative models, many works have studied synthetic dataset gen-

eration to improve model performance in the real world [67]. However, these prior

works either rely on prompts that have limited expressiveness or require fine-tuning

the generative model on desired distribution. Therefore, the second half of this thesis

introduces Domain Gap Embeddings for Generative Dataset Augmentation (DoGE),

a diffusion-based data augmentation technique that bridges the gap between train-

ing and test distributions without the need for explicit guidances or fine-tuning. By

capturing and embedding distribution differences in a latent form, DoGE enables the

generation of synthetic datasets that closely align with any desired data distribution

(e.g ., the vulnerabilities discovered by UMO), significantly improving model perfor-

mance across various tasks. It effectively ’vaccinates’ AI systems against previous

weaknesses, enhancing their fairness, robustness, and reliability.

The contribution of this thesis to the field of AI is multifaceted. The proposed

two-phase pipeline encapsulates a novel approach to navigating the complexities of

trustworthy AI development. Targeting the expensive and tedious past solutions

to enhance model fairness and robustness, this thesis democratizes the process of

discovering and addressing model vulnerabilities and makes the AI trustworthiness

toolkit widely accessible to the community. By combining the power of generative
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models and large language models, this work offers a comprehensive, autonomous,

and scalable solution to the challenges of model bias, vulnerability, and distribution

shifts.

In conclusion, the journey towards trustworthy AI is constantly accompanied by

intricate challenges. However, through the meticulous diagnosis and targeted treat-

ment of AI’s vulnerabilities, this thesis illustrates a democratized path forward. By

engraving the principles of fairness, trustworthiness, and robustness into AI systems,

we can mitigate the risks and make good use of the modern ”sword of Damocles”.

In doing so, we ensure that the future of AI is not just about technological advance-

ment, but about advancing technology in harmony with the values and aspirations of

society.



Chapter 2

Model Diagnosis

2.1 Introduction

Contemporary methods for assessing computer vision algorithms primarily rely on the

evaluation of manually labeled test sets. However, relying solely on metric analysis

of test sets does not ensure the robustness or fairness of algorithms in real-world sce-

narios [23]. This limitation arises from several factors. Firstly, while this approach is

effective at gauging performance under known test conditions, it does not proactively

address unforeseen model failures. Secondly, it is often infeasible to gather test sets

that encompass all potential scenarios or relevant attributes. Lastly, the process of

constructing test sets is typically resource-intensive, time-consuming, and susceptible

to errors. To address such issues, the first half this thesis leverages large pre-trained

models (LPMs), trained on extensive datasets comprising millions of samples, as a

means to assess potential shortcomings in computer vision models. The question

that we try to address is: Can these LPMs be applied to evaluate various computer

vision task models by uncovering possible failure modes and limitations in a completely

unsupervised manner?

An emergent approach to discover model failure modes without exhaustive test

sets makes use of counterfactual explanations [80, 33]. Along this line of research,

model defects are studied through challenging images that lead to model failure

modes. However, earlier efforts deceive the target models via pixel-level adversarial

perturbations [32, 78], which are not informative and do not explain model failures.

Some works produce adversarial examples by semantically perturbing base images

5
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my [Vision Task] model fail?
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Figure 2.1: Overview. Given a (a) computer vision model (e.g ., classifier, key-
point detector, segmentation model), how can we understand the model vulnerabil-
ities without requiring user input nor test sets? Our framework UMO leverages (b)
foundation toolkits (e.g ., large language models (LLMs) and multi-modal foundation
models (MFMs)) to perform unsupervised model diagnosis. UMO not only out-
puts (c) counterfactual visual explanations but also (d) top-matched counterfactual
attributes.

along semantics [54, 95], but they focus on effective attacks rather than model eval-

uation. To gain insights into a model’s flaws, we need counterfactual explanations

that reveal the semantic differences leading to model failures. Recently, [75] proposed

a zero-shot method to analyze model sensitivity to attributes via counterfactual ex-

planation. Nonetheless, this method still requires human input, which can introduce

bias and limit the outcome to the domain knowledge of particular users.

To address the issues mentioned above, we introduce Unsupervised Model Di-

agnosis (UMO) to discover the model failures and perform open-vocabulary model

diagnosis without any user input or domain knowledge. Fig. 2.1 illustrates the main

idea of our work. UMO comprises two main input components: (a) a target vision
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task model provided by the user; in this thesis, we address classification, segmen-

tation, and key-point detection, (b) a collection of foundation toolkits, i.e. LPMs,

for counterfactual image generation as well as language models for semantic analysis.

The output of UMO is a diagnostic report that includes (c) a set of visual counter-

factual explanations and (d) the corresponding list of counterfactual image attributes

with their associated semantic similarity scores.

The resulting diagnosis offers insights into the specific visual attributes to which

the model is vulnerable. This information can guide actions such as collecting addi-

tional data for these attributes or adjusting their weights in the training process. Our

complete pipeline operates in an unsupervised manner, eliminating the requirement

for data collection and label annotation.

To summarize, our proposed work brings two main advancements:

• We propose an unsupervised framework for model diagnosis, named UMO, that

bypasses the tedious and expensive requirement of human supervision.

• UMO utilizes the parametric knowledge from foundation models to ensure accurate

analysis of model vulnerabilities. The framework does not require a manually-

defined list of attributes to generate counterfactual examples.

2.2 Related Work

2.2.1 Latent Generative Models

Generative models, especially StyleGAN [58, 57, 107] and Diffusion Models [42, 114,

101], have semantic latent spaces that are differentiable, and can be used to edit

image attributes [110, 48, 109]. StyleSpace [128] found a more disentangled latent

space by manipulating the modulation weights (i.e., style codes) in StyleGAN affine

transformation. One step further, StyleCLIP [88] guided the generation sampled

from StyleSpace by minimizing the CLIP [96] loss between the sampled image and

the user text prompt. Recent advances in large language models enable informative

supervision of the generation process. [140, 69] use language models to generate multi-

modal conditions for enhanced compositionality and reasoning of diffusion models. In

the line of controlling diffusion latent space, ControlNet [138] learned a task-specific

network to impose constraints on Stable Diffusion [101]. Asymmetric reverse pro-

cess (Asyrp) [64] discovered that the bottleneck layer of the U-Net in the diffusion

model encodes meaningful semantics; hence, the authors proposed to learn a unified
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semantic edit direction applicable across all images in this bottleneck latent space.

Our work adopts the similar concept of optimizing globally effective counterfactual

directions for the target model. By manipulating the semantics and analyzing the

learned direction, we can gain valuable insights into model failure visualization and

bias identification.

2.2.2 Diagnosis of Computer Vision Models

Model diagnostics [21] originally referred to the validity assessment of a regression

model, including assumption exploration and structural examination. Recent years

have witnessed the trend of the vision community broadly adopting the term di-

agnose [134, 75, 120, 93] for understanding and evaluating the failure of deep vision

models, particularly focusing on attribution bias, adversarial robustness, and decision

interpretability to identify potential flaws. To search model failure cases, [32] first

proposed pixel-space perturbations by signed gradient ascent to generate adversarial

examples. [78, 130] further advanced the philosophy by multi-step gradient projection

and incorporating generative models.

However, [54, 95] claimed that such adversaries lack visual interpretability and

proposed attacking the model by optimizing along fixed semantic axes of genera-

tive models. Similarly, in the literature of counterfactual explanation [122], methods

[51, 135, 61, 1, 49, 113, 80] commonly focus on generating semantic attacks on a per-

image basis, which overlook the global model-centric vulnerability diagnosis. Despite

the effective instance-level counterfactual generation, such failure-driven attacks can

be less informative for diagnosing model vulnerabilities (e.g ., altering the perceived

gender to fool a gender classifier). Hence, when directly applying these attack-oriented

counterfactual explanations for model diagnosis, they usually require additional hu-

man interpretation to summarize individual failures. Besides being often designed

for specific single task [92, 135, 49], previous methods [100, 1, 113] also require fine-

tuning of the generative pipeline. Hence, we adopt a diagnosis-driven, task-agnostic,

and resource-efficient counterfactual synthesis pipeline desirable for diagnosing in-

stead of simply attacking models.

To emphasize the explainability requirement of model diagnosis and produce

human-understandable outcomes, recent works visualized model failures by optimiz-

ing an attribute hyperplane [68], identifying error subgroups from cross-modality gaps

[134, 25], recognizing sensitive style coordinates [65], searching semantic variations by
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Figure 2.2: The UMO framework. Black solid lines denote forward passes; red
dashed lines denote backpropagation; and purple dotted lines denote the inference of
analysis. (a) We first optimize an edit direction ∆s in the latent space of generative
models that yields counterfactual images of the target model. (b) After the optimiza-
tion converges, we generate the original and edited images x and x̂ and map them
to the CLIP embedding space with the L2C block (in ??). (c) Then we analyze and
report the diagnosis of counterfactual attributes by matching the image embedding
differences ĥ− h with attribute candidates.

unconditional generative models [66, 52], or fine-tuning language model to perturb

prompts for text-condition generations [93]. Nevertheless, these approaches require

either manually annotating the discovered failure and the collected test set, or train-

ing a model-specific explanation space for every new target model. Our approach

addresses these shortcomings by performing diagnosis in an unsupervised manner

with the help of foundation toolkits. More recently, ZOOM [75] proposed to analyze

provided attributes in a zero-shot manner. This is the most relevant method to UMO

to the best of our knowledge. However, our method distinguishes itself from ZOOM in

that: (1) UMO achieves automatic discovery instead of focusing on analyzing given

attributes, (2) UMO is more exploratory in counterfactual edits while ZOOM can

only analyze in restricted attribute directions, (3) UMO requires no prior knowledge

from the user and hence circumvents potential human biases.

2.3 Method

Given a target model fθ, our pipeline consists of two stages as shown in Fig. 2.2. In the

first stage, a latent generative model, denoted as Gϕ, (e.g ., a Diffusion model or GAN)

is used to discover counterfactual modifications, denoted as UMO(fθ,Gϕ), by directly

optimizing the latent edit directions that can mislead the prediction of fθ, shown in
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Fig. 2.2(a). In the second stage, after the counterfactual optimization converges, we

generate pairs of image embeddings (original, counterfactual) in Fig. 2.2(b). With

these pairs, we are able to interpret and analyze the counterfactual attributes of the

target model fθ by computing semantic similarity scores with attribute candidates,

as illustrated in Fig. 2.2(c).

2.3.1 Counterfactual Optimization

Given a target model fθ to diagnose, we first focus on discovering cases that lead

to incorrect model predictions. To capture the failure modes, an effective solution is

to generate counterfactual examples of the target model. Hence, our first step aims

to learn latent edits which represent semantic edit directions. When injecting such

latent modification to the generative model Gϕ, the generated images are observed

to have meaningful semantic changes but are challenging to the target model. We

denote each pair of the original image xi and its edited adversarial counterpart x̂i as a

counterfactual pair. This section shows that UMO can discover and generate critical

semantic counterfactual pairs of target model fθ using various generative models Gϕ
(e.g ., StyleGAN and Diffusion Model).

Since the StyleSpace S is shown to be effective for semantic manipulation [128, 88],

we choose to inject counterfactual edits in this latent space. We first initialize our

latent edit vector ∆s in the space S as Gaussian noise. Then we sampleN style vectors

{si}Ni=1 ∼ S and generate N corresponding images xi = Gϕ(si). Note that optionally

real images xi can also be used and si is then obtained through GAN inversion[129];

but for the rest of this work, we use synthetic images xi to leverage free exploration

in generative latent space for more diverse counterfactual explanations. For each

original image xi, we inject the edit vector ∆s to the latent space S and obtain the

edited image x̂i = Gϕ(si+∆s). With the original and edited image based on the same

initial latent vector, we compute the following loss L:

L(∆s) = αLtarget + βLCLIP + γLSSIM + Lreg. (2.1)

To optimize w.r.t. ∆s, we back-propagate the loss as shown in the backward process

in Fig. 2.2(a).

The first component of the loss, Ltarget, is the adversarial loss that ensures the

learned ∆s can edit the original image to cause target model failure. This loss mea-

sures the distance between the model prediction on the edited image fθ(x̂i) and the
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opposite of the original model prediction fθ(xi). It is task-dependent: when diagnos-

ing a binary classification task, we want to minimize the cross-entropy loss between

fθ(x̂i) and p̂cls = 1−fθ(xi) such that the edits effectively mislead the classifier toward

the opposite class; when diagnosing a keypoint detector or a segmentation model,

we want the (perturbed) incorrect model predictions to be close to a randomized or

targeted pseudo label (details in Sec. 2.4.3), denoted as p̂kdet and p̂seg respectively:

(binary classifier) Ltarget(x̂i) = LCE(fθ(x̂i), p̂cls), (2.2)

(keypoint detector) Ltarget(x̂i) = LMSE(fθ(x̂i), p̂kdet), (2.3)

(segmentation model) Ltarget(x̂i) = LCE(fθ(x̂i), p̂seg). (2.4)

Optimizing against Ltarget solely without constraints is insufficient to discover

effective counterfactual examples. For example, with a binary classifier, the original

image can be directly edited into the opposite class [51, 135, 61, 1, 113] which fails to

reveal the failure modes of the target model. Hence we introduce the second loss term

LCLIP which ensures the generated counterfactual example is perceived by the CLIP

model as the same class/object as the unedited image. Denoting the CLIP zero-shot

classifier as C and the list of class labels as T :

LCLIP(x̂i) = LCE(C(xi, T ), C(x̂i, T )). (2.5)

While optimizing LCLIP and Ltarget yields counterfactual examples to the target

model, we also preserve the quality of the counterfactual by regularizing attribute

changes and preserving semantic structures. To enforce these constraints, we include

the SSIM loss [124] and the regularization as:

LSSIM(x̂i) = LSSIM(xi, x̂i), (2.6)

Lreg(∆s) = ||∆s||1. (2.7)

To mitigate any implicit bias inherited from one specific generative backbone, we

further enhance the reliability of our diagnosis pipeline through an ensemble of la-

tent generative models. We propose to generate counterfactual images from multiple

independent generative backbones and analyze the combined mixture of synthesized

images. Hence, besides StyleGAN, we also adopt diffusion models for counterfac-

tual generation. Asyrp [64] discovers a semantic latent space in diffusion models, in
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particular, DDPM [42] and DDIM [114]. Asyrp proposes to learn a simple network

A that takes the hidden states from a previously denoised image xt at the timestep

t and outputs an edit vector to be injected to the middle bottleneck layer of each

U-Net block. Similar to optimizing ∆s in the StyleSpace of StyleGAN, we optimize

the network A in diffusion models to learn counterfactual edits of the target model.

Since the decision behavior of the target model can be biased toward multiple

attributes, we choose to optimize k distinct edits to ensure comprehensive diagnosis

coverage and to improve optimization convergence by focusing each vector on one type

of edit. We initialize k latent edit vectors for StyleGAN or k edit generation networks

for diffusion models. Then, for each original latent vector, we first find the edit vector

that most effectively perturbs the target model and only optimize this edit vector

while leaving the remaining edit vectors unchanged. This procedure repeats at each

iteration. Since distinct failure modes can emerge for different latent vectors, each

edit vector converges to different and disentangled semantic edit directions throughout

training, which enables the discovery of multiple biased attributes. More details are

shown in Appendix A.1.

2.3.2 Counterfactual Analysis

To render an intuitive diagnosis of the target model, we interpret the attribute changes

between the counterfactual pairs that lead to target model failure. Using the CLIP

model as a common latent space, we match the counterfactual edits with text attribute

candidates to provide analyses of the model vulnerabilities.

After counterfactual optimization, we augment original latent vectors s into ŝ by

adding the learned edit vector ∆s. Then we feed both s and ŝ into the Latent-to-CLIP

(L2C) module. L2C generates two images x and x̂ from s and ŝ and encode them

into the CLIP embedding space, as depicted in Fig. 2.2(b). To illustrate, consider an

original picture x of a woman correctly classified as “female” by the target model,

but a smile is added in x̂, and the classifier now incorrectly predicts “male”. To

extract the differences between the pair of images, we use a pretrained CLIP image

encoder EI and convert each counterfactual pair (x, x̂) to a CLIP embedding pair

(h = EI(x), ĥ = EI(x̂)). We then extract the image difference in the CLIP space as

∆h = ĥ− h.

To interpret ∆h and further diagnose the target models, we match ∆h to a repos-

itory of text attribute candidates and report the top-n ranked text attributes. There
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can be many sources of these candidates: the entire vocabulary of the Brown Corpus

[26] can be used; we can also prompt a language model to provide a shorter but exten-

sive list of all relevant attributes; if desired, users can also provide a list of particular

attributes of their interests. For efficiency and concision, we use language models

as our bank of attribute candidates for UMO. See Appendix A.2 for the details of

attribute candidate generation.

We denote the set of attribute candidates as Sa = {ai}Mi=1 and the known object

of focus as [cls]. For each attribute ai, we prepare the pairs of base prompt and

attribute prompt as tbase: “an image of [cls]” and ti: “an image of [cls], [ai]”

respectively. Using an off-the-shelf CLIP text encoder ET , we extract the prompt

difference as ∆ti = ET (ti) − ET (tbase). Then the similarity score for attribute ai is

defined as:

Ssim(ai) = EGϕ∼p(Gϕ)[Ex∼Gϕ(x)[⟨∆h,∆ti⟩]], (2.8)

where p(Gϕ) denotes the set of generative models.

We select the j highest-ranked attributes by the similarity score into our diagnosis.

Since the attribute candidate bank can be repetitive, the top-j selected candidates

can be dominated by few related attributes. Thus, we also introduce a uniqueness

score to encourage matching with distinct new attributes in an iterative fashion. Let

the set of already selected attributes be Sr, initialized as an empty set, the uniqueness

score is defined as:

Suni(ai) =

1, if Sr = ∅
1−max

t∈Sr

⟨ET (ai), ET (t)⟩, otherwise.
(2.9)

At each iteration, the next highest-ranked attribute is selected into Sr as:

Sr = Sr ∪ {argmax
ai∈Sa

Suni(ai) · Ssim(ai)}. (2.10)

By iteratively repeating the attribute interpretation process across all counterfac-

tual pairs, we obtain the top matching counterfactual attributes that can result in

model prediction failures, see Appendix A.3 for details.
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2.3.3 Counterfactual Training

While the counterfactual pairs (x, x̂) offer visual insights into the vulnerabilities of

the target models, the counterfactual images x̂ can also directly serve as the hard

training set for fine-tuning target models. This section adopts the principle of iterative

adversarial training [78] on these generated counterfactual images to fine-tune the

target models.

We start with the pre-trained target model. At each iteration, we optimize and

generate a set of counterfactual images with respect to the current model state and

concatenate them with regular training data of the same size. This way, we dynami-

cally improve model robustness at each training step. Compared to ZOOM, in which

generated counterfactual examples are constrained along fixed attributes, UMO can

dynamically adapt the counterfactual directions depending on the current state of the

model during training. This training process is essentially a min-max game where

UMO keeps searching for new weaknesses and the target model is subsequently patch-

ing it. UMO iteratively enhances counterfactual robustness of the target model in an

unsupervised fashion. Appendix A.4 shows the effect and robustness improvement of

our counterfactual training.

2.4 Experimental Results

This section presents the experimental results evaluating the validity and effectiveness

of UMO. We first verify the correctness of our diagnosis in Sec. 2.4.1. Then Sec. 2.4.2

demonstrates the consistency of our diagnosis across different generative models and

with a prior method. Sec. 2.4.3 further illustrates the broad applicability of UMO to

more computer vision tasks. An ablation study of the effect of each loss component

is shown in Sec. 2.4.4. Lastly, Sec. 2.4.5 assesses the validity of foundation toolkits as

the backbones of our diagnosis task. All our experiments are done on a single Nvidia

RTX A4000 GPU with 16GB of memory. The hyperparameters α, β, and γ that

correspond to the weights of the target, CLIP and SSIM losses are tuned empirically

to be α = 1, β = 10 and γ = 100.

2.4.1 Diagnosis Validation with Imbalanced Data

This section evaluates UMO through experiments with classifiers trained on imbal-

anced data. It is important to note that no definitive ground truth exists in this
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Figure 2.3: Counterfactual pairs generated against different classifiers. We
study a perceived gender classifier biased on “smiling” (left), an eyeglasses classi-
fier biased on “lipstick” (middle), and a perceived age classifier biased on “bangs”
(right). For each classifier, we optimize the semantic latent edits to obtain counter-
factual variations (bottom row) from the original generations (top row). This figure
demonstrates the capability to provide visual counterfactual explanations on the bi-
ases of these classifiers.

setting. We carefully constructed target models embedded with specific biases to

serve as our reference (i.e., ground truth). Our experiments consistently highlight

that the diagnosis from UMO can reliably pinpoint these intentional biases, confirm-

ing the reliability of our unsupervised detection.

In this set of experiments, we examined classifiers that were intentionally biased

and trained using the CelebA dataset [70]. We trained binary classifiers for specific at-

tributes within CelebA, such as “gender”, “age”, and “eyeglasses”. For each classifier,

we chose another secondary attribute to introduce artificial (spurious) correlations,

achieved through imbalanced sampling. For instance, when assessing a perceived gen-

der classifier biased by the presence of smiles, we curated a subset from the CelebA

dataset, containing 10000 males with smiles, 10000 females without smiles, and 100

images with the opposite smile presence per class. A perceived gender classifier was

trained on this subset, producing a model with a known bias on “smiling”. We

repeated this procedure to produce a set of attribute classifiers with known biases.

On these classifiers, if UMO can successfully discover and report the planted
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Figure 2.4: Top-5 discovered attributes and their similarity scores, with the
planted bias highlighted in orange. For a given target classifier, the similarity
score of each attribute is computed through the counterfactual analysis module. These
experiments indicate that our unsupervised diagnosis pipeline is indeed capable of
discovering the bias in a given model.

biases, then we can verify the validity and effectiveness of our pipeline. Fig. 2.3 shows

the visual explanations from the unsupervised counterfactual optimization with both

the StyleGAN and DDPM backbones for each of the three CelebA classifiers. Besides

the visualization, UMO analyzed 1000 such generated counterfactual pairs of original

and edited images. The top-five discovered attributes are shown in Fig. 2.4. For the

perceived gender and eyeglasses classifiers, as expected, “smiling” (left) and “lipstick”

(middle) are discovered as the top attributes with a significant margin. In the Age

classifier, the planted attribute “bangs” (right) surprisingly was second-ranked in the

analysis after “brown hair”. However, upon a close look in CelebA, we found that

85.82% “brown hair” faces are labeled as “young”. As so, this is a strong spurious

correlation between “age” and “brown hair” uncovered by UMO. This experiment

verifies that our pipeline can correctly discover both the planted and existing biases

in the target model.
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Figure 2.5: Counterfactual pairs generated with different backbones. We di-
agnose a Cat/Dog classifier and show visual counterfactual explanations from different
generative backbones before the ensemble analysis. (left) and (right) are counterfac-
tual pairs generated from StyleGAN and Diffusion models respectively. We can see
both models make some common perturbations, most notably eye color changes.

2.4.2 Cross-Method Diagnosis Consistency

We further validate the effectiveness of our approach across different models, including

a prior work, ZOOM. First, we trained a conventional Cat/Dog classification model

on the AFHQ dataset [17]. Subsequently, we performed three distinct experiments:

two using our framework with different generative model backbones (Diffusion model

and StyleGAN), and the other using the ZOOM approach requiring a user-provided

attribute candidates list. We should expect to discover the same counterfactual at-

tributes for a given target model, across all three experiments.

Fig. 2.6 illustrates the consistency of counterfactual analysis conducted by UMO,

irrespective of whether we utilize the Diffusion or StyleGAN generative model. In

both of these experiments, the top six attributes were consistently ranked from a

pool of 88 relevant attributes, which were automatically generated using our founda-

tional toolkit. Specifically, attributes related to eye color (green or heterochromia),

vertical pupil shape, dark fur color, and pointed ears emerged as counterfactual in all

three methods. Furthermore, both StyleGAN and Diffusion backbones identified long

whiskers and wearing a collar as additional attributes. This quantitative assessment

of attribute rankings aligns with our qualitative observations in Fig. 2.5.

This consistency highlights the robustness of our diagnostic approach, regardless

of the choice of generative backbones, as long as these choices provide a sufficiently

rich semantic latent space. Furthermore, the significant counterfactual attributes we

identified align with those found in previous research, specifically in ZOOM. It is im-

portant to note that the diagnosis process in ZOOM relies on human input, whereas
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Figure 2.6: Discovered attributes consistent across two backbones and one
prior work against the same Cat/Dog classifier. Here we performed counter-
factual analysis separately on the generated counterfactual pairs from StyleGAN and
Diffusion Model. We also include an analysis based on ZOOM. Dark and light blue
attributes are respectively consistent across all three diagnoses and the two backbones
in our framework. We observe consistency in the discovered attributes despite the
generative backbone and method differences.

our unsupervised method allows for a more comprehensive analysis. As a result, we

contend that our approach represents a generalization of ZOOM. It not only over-

comes the limitations associated with user-proposed attributes but also circumvents

biases stemming from user input, thus expanding the diagnostic capabilities across

various generative models.

2.4.3 Generalization to Other Vision Tasks

In addition to classification, we expanded our experiments to encompass image seg-

mentation and keypoint detection tasks. This extension demonstrates the versatility

and practicality of UMO. We conducted diagnostics on a publicly available segmenta-

tion model trained on ImageNet [22] and a keypoint detector trained on the FITYMI

dataset [125].
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Figure 2.7: Visual diagnosis on more computer vision tasks. We applied UMO
to two more computer vision tasks: (left) segmentation and (right) keypoint detection.
Our pipeline successfully demonstrates semantic changes that fool the target model.

Segmentation

Attribute ai Ssim

dirt road 0.0846
potholes/roadworks 0.0786
snow-covered road 0.0654

Keypoint Detection

Attribute ai Ssim

beard 0.0947
elderly 0.0754
missing teeth 0.0728

Table 2.1: Top-3 attributes diagnosed by UMO. We apply our counterfactual
analysis module in the segmentation and keypoint detection tasks and show the top
three attributes diagnosed for each model. The discovered attributes reflect our ob-
servations in Fig. 2.7.

Similar to inverting the binary classification label, we establish a definition for

p̂kdet and p̂seg in Ltarget, the pseudo ground truth described in Sec. 2.3.1, to guide our

counterfactual optimization in both tasks. In the segmentation task, our framework

directs the target model to predict a suboptimal class (i.e., the second most probable

class) per pixel, as opposed to the most probable one. Similarly in the keypoint

detection task, we attack the model by optimizing for random transformations of

ground truth keypoints.

Fig. 2.7 illustrates counterfactual explanations for segmentation and keypoint de-

tection. In both cases, our approach successfully uncovered semantic edit directions

that deceive our target models. In segmentation, we observed that attributes related

to road conditions, such as “snow-covered road” and “off-road” appear to influence

model predictions. Conversely, in keypoint detection, we found that characteristics

related to age, such as “beard”, “wrinkles”, and “freckled skin” play a crucial role in

creating counterfactual instances. We list the top attributes ranked by the semantic

similarity score Ssim in Sec. 2.4.3.
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(a) original (b) +all (c) -target

(e) -SSIM (f) -reg(d) -CLIP

Figure 2.8: Effect of removing each loss. We optimize the counterfactual edit
vector on the same gender classifier (0-Female / 1-Male) biased on ”smiling” as in
Sec. 2.4.1. Column (a) and (b) are the original and regular counterfactual images.
Column (c)-(f) shows the different effects in counterfactual images from removing one
loss component while keeping the other three.

2.4.4 Ablation Study of Loss Components

This section analyzes the contribution of each loss component in Eq. (2.1) in the

counterfactual edit vector optimization. In this experiment, we reuse the setup from

Sec. 2.4.1 and focus on the same perceived gender classifier with the attribute ”smil-

ing” planted purposefully as bias. We then ablate the loss component one at a time

and generate counterfactual images with the same pipeline to visualize the isolated

effect of each loss.

Fig. 2.8 shows an ablation analysis of the impact of each loss component. Fig. 2.8(a)

shows the original unedited image which is correctly predicted by the classifier as per-

ceived male. Fig. 2.8(b) presents the regular counterfactual image optimized with all

loss components, which successfully flipped the classifier prediction by learning to

remove the smile instead of altering the perceived gender. When ablating Ltarget in

Fig. 2.8(c), we can see that the edit vector is hardly modifying the image since Ltarget
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Lipstick

After EditingBefore Editing CLIP Validation

Figure 2.9: Pairs of images randomly selected to validate CLIP as analysis
backbone. Between left and right, the most salient change is lipstick.

dictates the adversarial part in the optimization. Removing LCLIP in Fig. 2.8(d) leads

to the edit vector learning the “easiest” change which is simply flipping the target

class (i.e. perceived gender). It shows the importance of our CLIP loss in producing

informative and useful counterfactual examples for model diagnosis. Finally, the ab-

sence of LSSIM and Lreg resulted in lack of the proximity (e.g ., different contrast in

Fig. 2.8(e) and unnecessary edits around eyes in Fig. 2.8(f)), which interferes with

the subsequent diagnosis.

2.4.5 Foundation Toolkit Validation

The effectiveness of UMO’s diagnosis hinges on the capabilities and reliability of the

foundational toolkits we incorporate. In this section, we present evaluations that

underscore the dependability of both GPT-4 [86] and CLIP.

As highlighted in Sec. 2.3.2, we choose GPT-4 to serve as the primary source of

attribute candidates within UMO. We task GPT-4 with producing comprehensive

lists of attributes for each task domain, encompassing attribute types and their cor-

responding attribute values. In order to illustrate the effectiveness of GPT-4, we

selected a set of representative attributes and provided a detailed breakdown of all

the values associated with each attribute, as generated by GPT-4, in Sec. 2.4.5. This

table offers a qualitative glimpse into the extensive capacity of GPT-4 in populat-

ing attribute candidates. For prompting details and the complete list of generated

attributes, see Appendix A.2.

We evaluate CLIP’s capabilities in providing text analysis from counterfactual

images by examining the model’s robustness and reliability when matching visual
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Attributes Values

Hairstyles
short, long, curly, straight, wavy, braided, bald, mohawk, bun,
pixie cut, dreadlocks, undercut, pompadour, buzz cut, side
part, bob cut, cornrows, bangs

Eye Colors blue, brown, green, gray, hazel, black, amber

Nose Shapes Roman, snub, Greek, aquiline, hawk, button

Expressions smile, frowning, surprised, angry, crying, wink

Glasses Types
reading glasses, sunglasses, aviator, cat-eye, round, square,
rimless glasses

Accessories
earrings, necklace, hat, cap, headscarf, headband, bandana,
tie, piercing, bow tie

Background indoor, outdoor, simple, busy

Table 2.2: Examples of attribute candidates proposed by GPT-4. The full
candidate list and prompts used are in Appendix A.2. This list illustrates the com-
prehensiveness of large language models as attribute generators.

Injected Ambiguous Attributes

wrinkles, dimples, lip ring, lip
piercing, lip fillers, lip gloss, bleed-
ing lips, wounded lips, red face,
red mustache, red hair, makeup,
blush, contour, crooked teeth

(a) The list of ambiguous at-
tribute candidates to attack our
counterfactual analysis module.

Attribute ai Ssim

lipstick 0.1270
full lips 0.1106
lip gloss 0.1019
wide lips 0.0945
bleeding lips 0.0897

(b) Top-5 attributes
by the similarity
score Stext only.

Attribute ai Ssim Suni

lipstick 0.1270 1.0000
lip fillers 0.0808 0.1411
red hair 0.0696 0.2173
yellow teeth 0.0687 0.1870
surprised 0.0530 0.2036

(c) Top-5 attributes
weighted by the unique-
ness score Suni.

Table 2.3: Validation of our analysis backbone. The list (a) is added to attribute
candidates in an attempt to replace lipstick as the top attribute. (b) and (c) show
the analysis results without and with uniqueness score. This table demonstrates the
validity and robustness of our counterfactual analysis module.

attributes with text labels. Given a counterfactual pair with semantic perturbations

applied (e.g ., “lipstick”), we add new candidates that are ambiguous with the differing

attributes (e.g ., “lip gloss”). Then we evaluate the suitability of CLIP by whether the

original results are still ranked first in the counterfactual analysis, over the injected

distractor set.
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To provide a visual example, we selected two counterfactual pairs from our pre-

vious experiment artificially biasing eyeglasses classifier on “lipstick”, as depicted in

Fig. 2.9. In these comparisons, the most prominent distinction was the presence of

lipstick in both pairs. To assess the reliability and robustness of the CLIP model,

which serves as our analytical foundation, we introduced an additional set of po-

tentially ambiguous attribute candidates, detailed in Tab. 2.3(a). These attributes

shared similarities with lipstick but were contextually incorrect in the given image

pairs. Tab. 2.3(c) presents the top-5 matched attributes, with lipstick ranking first

by a significant margin in terms of the similarity score Ssim. The remaining four at-

tributes were also valid matches, as corroborated by their presence in Fig. 2.9. This

showcases the effectiveness of our uniqueness score during the analysis phase. In

contrast, Tab. 2.3(b) displays the top-5 matched attributes without the uniqueness

mechanism, where the analysis is dominated by lip-related attributes, leading to po-

tential redundancy. The uniqueness score not only highlights distinct candidates but

also helps mitigate the inclusion of incorrect attributes, such as “bleeding lips”, in

the top results.

2.5 Conclusion and Future Work

To the best of our knowledge, UMO presents the first unsupervised approach for

diagnosing computer vision models using counterfactual examples. Our method in-

volves optimizing edit vectors within the generative latent space and subsequently

analyzing their semantic implications through foundation toolkits. When applied to

a target model, our pipeline UMO can autonomously generate a comprehensive di-

agnosis. This diagnosis includes both visual counterfactual explanations and textual

descriptions of vulnerable attributes, all achieved without any human intervention.

We demonstrate the efficacy of our method across a range of vision tasks, en-

compassing classification, segmentation, and keypoint detection. Through extensive

experimentation, we illustrate how UMO excels in producing high-quality counter-

factual examples and effectively identifies semantic biases, offering a quantitative

assessment of the target model. By conducting cross-model consistency evaluations

and incorporating counterfactual training, we establish UMO as a versatile approach

for discovering biases and enhancing model robustness.

In this thesis, we have operated under the assumption that the integrated founda-

tion toolkits possess the requisite capability for our diagnostic task. Additionally, our
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observations suggest that the DDPM edits encounter challenges due to the limitations

of the Asyrp latent space, which lacks full expressiveness. For future directions, we

aspire to explore more expressive and disentangled latent spaces within generative

models, aiming to enhance the efficiency of counterfactual optimization.



Chapter 3

Model Improvement

3.1 Introduction

The swift progression of computer vision in the past decade can be attributed to im-

proved deep learning algorithms for large-scale training, increased computing power,

and the availability of vast datasets such as ImageNet [22] and LAION-5B [108].

While such internet-scale real-world datasets allow to train general vision models,

they are not tailored to application scenarios with specific data distributions, i.e.,

the cross-distribution adaptation, which can lead to serious concerns in reliabil-

ity [63, 104]. This issue often requires costly data collection where models operate.

Among various solutions to this issue, data augmentation has been explored to

alleviate such extensive data collection. However, images generated with traditional

data augmentation through flipping, gamma adjustments, noise, or more sophisticated

methods [20, 137] often fail to align the augmented data with shifted test distributions.

Although there are cross-domain augmentation techniques [72, 71], these strategies

are task-specific and not easily transferable to other problems. Besides these data-

centric efforts, unsupervised domain adaptation (UDA) is an active field of research

for such problems from the model aspect (e.g ., [46]). Our approach distinguishes

itself from the above by its ability to produce endless data with much more variability

and the need for much fewer samples (i.e., few-shot).

To mitigate the distribution discrepancy issues, synthetic datasets have also been

studied as a more controllable, diverse, high-quality supplement to the training dataset.

Traditionally, simulators and graphics engines are the primary sources of synthetic

datasets [126, 115, 91]. However, they typically suffer from unrealism (i.e., domain

25
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Figure 3.1: Overview. In real-world applications, computer vision models often
suffer from discrepancies between training and testing data distributions. To alleviate
this problem, we propose a novel dataset augmentation method to complement the
training dataset with synthetic images. Given (a) a source dataset (e.g ., real photos),
and (b) a few samples from a target distribution (e.g ., paintings), we extract the
distribution differences into (c) Domain Gap Embeddings, which enables generating
(d) augmented synthetic data to enhance the model performance.

gap) and bounded diversity [38]. With the advancement of visual generative mod-

els, they are leveraged for in-domain dataset synthesis in recent works [141, 50, 2].

Nonetheless, very few dataset generation methods [5] focus on the cross-distribution

setting guided by just a few input target samples (e.g ., 20 images), which is realistic

in many scenarios of interest. Moreover, to the best of our knowledge, none achieves

target dataset synthesis in such a setting without fine-tuning. The question that

we try to address in this thesis is: Can we use off-the-shelf large pre-trained mod-

els (LPMs) as synthetic data generators for effective few-shot dataset augmentation
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towards specific data distributions?

To address this question, we propose DoGE, a few-shot cross-distribution dataset

generation framework that is task-agnostic and inference-only, as shown in Figure

3.1. The framework takes (a) a source distribution (i.e., the original training dataset),

and (b) a few samples from a target distribution in the application context. We pro-

pose to extract the distribution discrepancies (e.g ., semantic changes, style transfer)

into (c) representations in the CLIP latent space [96], named the Domain Gap Em-

beddings. We then utilize the extracted gap representations to augment source data

to generate (d) synthetic datasets that follow the same distribution as the provided

few target images.

Our method successfully generates synthetic supplementary datasets as long as (1)

the latent representation space, CLIP, has the capacity to express the distribution

differences, and (2) the generative diffusion models, Stable UnCLIP [102], is capable

of generating in the target distribution. Under these loose constraints, we show

that our synthetic datasets from DoGE significantly improve model performance in

various computer vision tasks, including subpopulation shifts and domain adaptation.

Moreover, DoGE is compatible with and complementary to parallel methods such as

UDA and fine-tuning. In summary, DoGE provides the following contributions:

• Accessibility: Our framework offers a plug-and-play dataset augmentation experi-

ence. With a source dataset to augment, users only need to provide a few unlabeled

images from the target distribution to obtain an effective synthetic dataset in the

desired domain.

• Efficiency: Our cross-distribution dataset augmentation framework generates data

in the target domain without the need for fine-tuning. We directly take advantage

of public LPMs, and each step can be inference-only.

• Effectiveness: The synthetic datasets from our generation pipeline can success-

fully improve the task model performance by a significant margin.

3.2 Related Works

While real-world images are cornerstones of computer vision, as modern vision datasets

increase in size, it has become gradually more challenging to scrutinize and clean the

collected data. The difficulty of curating large datasets poses potential issues such

as noisy labels and dataset imbalance [12, 7, 84]. Hence synthetic data became a

popular alternative with high controllability and accessiblility.
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Figure 3.2: Framework: (a) The source dataset and (b) a few target data sam-
ples are first (c) encoded in the CLIP embedding space. We then (d) extract the
representation, named the Domain Gap Embedding, between the source and target
distributions. The Domain Gap Embedding augments source image embeddings to
construct the latent input to (e) the generative model (Stable UnCLIP), which gen-
erates (f) a synthetic dataset following the target distribution. Optionally (dotted
lines), we can (g) integrate ControlNet to provide further structural guidance to pre-
serve the source image structures.

Generative Models for Image Data: Recent advances in generative models have

provided powerful tools for synthetic data generation. Generative Adversarial Net-

work (GAN) pioneered a new direction for high-quality image synthesis [31, 8, 59, 56].

In parallel, diffusion models [42, 83, 114, 43] demonstrate their promising poten-

tial, leading to many astonishing works including GLIDE [82], DALL•E 2 [98], Ima-

gen [105], and Stable Diffusion [102].

Besides generative backbones, fine-grained controllability of the generative models

is also essential for data synthesis. In the direction of GANs, CycleGAN [144], Cy-

CADA [44], and CLIP-enabled methods [89, 145] achieved effective image-to-image

transfer and targeted editing toward desired distributions. For diffusion models, var-

ious conditioning techniques regulate the generations. Some methods [40, 9] lever-

age the cross-attention maps to apply accurate prompt-based augmentations. Other

works [28, 121, 35, 136] learn special tokens and embeddings to preserve identities

during data generation. Similarly, methods in [47, 103, 36, 60, 62] fine-tune the dif-

fusion models for desired generation, while image-to-image synthesis [127, 79] is also

critical to data augmentation. Finally, ControlNet [139] uses condition maps to con-

trol the generation accurately.
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Synthetic Data Generation: With such extensive generation capability and fine-

grained controllability, generative models have been leveraged to populate synthetic

datasets [50, 13]. GANs have been used for effective synthetic dataset generation

through latent space manipulation [6, 141, 67, 76]. Enabled by the abundant genera-

tion controls in diffusion-based networks, more recent works leverage diffusion models

to improve data diversity by expanding existing datasets [112, 4, 94, 142, 120, 117].

While the above methods can generally expand a given dataset, they suffer from

subpopulation and domain shifts in datasets. Regarding subpopulation shifts, Fill-

Up [111] incorporates Textual Inversion [28] to fix imbalanced datasets by uneven

generation but requires optimizing a token for each class. To address domain shifts,

some methods [133, 24] utilize captioning models to describe target distributions and

construct new prompts for generation. However, since the expressibility of texts is

limited, other methods also resort to fine-tuning for adaptation. Assuming access to

the full target dataset, solutions in [2, 90] fine-tuned Imagen and DDPM [42] for better

in-domain generations. Under the few-shot setup where only a few target samples are

available, DomainStudio [143] introduced similarity loss to conquer the over-fitting

issue in fine-tuning, and DATUM [5] proposed to fine-tune the model into the target

domain with crops of the few target samples. Nonetheless, such methods require

domain-specific fine-tuning and may introduce training algorithm modification, while

our method, with better performance in our experiment setups, can be directly applied

off the shelf for the given target images.

3.3 Method

Recognizing the lack of practical and readily available cross-distribution dataset syn-

thesis methods, we introduce a novel, model-agnostic few-shot dataset augmentation

framework. Our framework possesses the ability to create synthetic samples that

conform to the target distribution based on a minimal set of input images. It is char-

acterized by its simplicity and effectiveness, and, in its fundamental configuration,

does not necessitate any training.

Our framework consists of two main components: modeling the domain gap and

generating across the domain gap, shown in Fig. 3.2. To generate from one dataset

distribution to another, we first capture the differences between them as Domain Gap

Embeddings, shown in Sec. 3.3.1. With the representation for the distribution gap,

Sec. 3.3.2 illustrates our method for generating datasets from the source to target
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distribution, with an optional trick to preserve image quality. To further improve

the usefulness of the generated dataset, we also conduct confidence-based generation

cleaning methods on downstream tasks, shown in Sec. 3.3.3.

3.3.1 Domain Gap Extraction

When capturing differences in data distributions, fine-tuning generative models across

domains can be costly, and prompts may not articulate the discrepancies. Hence, we

focus on modeling the distribution differences in the latent space. The recent research

in visual representation learning introduces powerful semantic latent spaces such as

CLIP. CLIP is assumed to have sufficient knowledge generalization for common set-

tings, and its linear vector compositionality enables semantically meaningful opera-

tions [118]. In our framework, we choose to leverage the CLIP latent space to capture

the gap between data distributions and directly apply it in data augmentation. Such

captured distribution discrepancies are named the Domain Gap Embeddings.

Fig. 3.2 (left) shows the domain gap extraction process. The input consists of a

source dataset DS (Fig. 3.2a), with |DS | = N , and a few data samples DT = {yj}mj=1

(Fig. 3.2b) from a different target distribution with m≪ N . We first encode images

from a randomly sampled subset D̂S = {xi}ni=1 ⊆ DS and DT into the CLIP space via

a CLIP image encoder EI (Fig. 3.2c). Denoting the image embeddings as zxi
= EI(xi)

and zyj = EI(yj), we study two options as the Domain Gap Extractor (Fig. 3.2d) to

capture the gap representation ∆z. A straightforward way is computing the expected

differences of all pairs between the source and target dataset, which is equivalent to

the difference of the means of the images assuming DS is independent of DT , i.e.,

∆z = Exi∈DS [Eyj∈DT [EI(yj)− EI(xi)]] (3.1)

=

∑m
j=1 zyj
m

−
∑n

i=1 zxi

n
. (3.2)

Another way to extract the gap is through Principal Component Analysis (PCA) [27].

Since the first principal direction from PCA denotes the direction where a distribution

varies the most, we leverage this property and apply PCA on a joint set {zxi
}ni=1 +

{zyj}mj=1 with n = m. The first principal direction from PCA is then considered as

the domain gap representation ∆z. From empirical results shown in Appendix B.1,

we observe that the first option of computing the domain gap (Eq. (3.2)) yields

better generation quality. The impact of the values of n and m is also addressed in
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Appendix B.1. For the rest of this work, we adopt this mechanism as our Domain

Gap Extractor, yet users can easily design and swap in their own extractor in our

framework.

3.3.2 Target Dataset Generation

With the domain gap extracted into the latent form ∆z, we augment source images

to generate the synthetic dataset, as shown in the right half of Fig. 3.2. Capturing

the gap ∆z between distributions in the CLIP space opens up methods to generate

data across domains. While various diffusion-based generative models accept texts or

images as input or conditions, our method contrasts with these in that we directly in-

teract with CLIP latent embeddings. Such is made possible by the UnCLIP approach

introduced in DALL•E 2, specifically the Stable UnCLIP model [102] (Fig. 3.2e). It

is a fine-tuned Stable Diffusion model that accepts CLIP image embeddings directly

as input. Hence, in this work, we choose the Stable UnCLIP model, denoted as G as

our generation backbone in the framework.

Given the distribution gap ∆z and source image embeddings {zxi
} both in the

CLIP space, we augment the source image representations by simply adding the

gap ∆z to them. To further increase diversity, we also introduce small Gaussian

random perturbations ϵ ∼ N (0, 10−3I) in the augmentation. Similarly, we introduce

a distributional edit strength scalar C ∼ N (c, 0.05). The impact of values of c is

discussed in Sec. 3.4.4. Hence, the generated k images, denoted as {ŷi}ki=1 (Fig. 3.2f)

are obtained as:

ŷi = G(zxi
+ C ·∆z + ϵ). (3.3)

The above two steps form our base framework and can already achieve effective

target dataset generation (details in Sec. 3.4). Nonetheless, in specific cases, addi-

tional techniques can be adopted for higher generation quality.

Finer Generation Control: In some cases, it is beneficial to preserve the visual

structure of the original source data to be augmented. For example, maintaining the

object structure can further ensure less deformation or corruption in the generation.

Because the expressiveness of one vector in the CLIP space is limited, a fine-grained

structural control can introduce more detailed visual guidance on top of our domain

gap embeddings.

Therefore, we integrate ControlNet into our generative module for accurate image
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structure control during the generation. As shown in Fig. 3.2g, we can feed the input

source data through a control image extractor. Given a source image, this module

outputs a series of domain-invariant control maps for generation, including Canny

edge maps [14] and HED edge maps [131], and processing depth and segmentation

maps from ground truth labels of source data, if available. During the generation

phase, we feed these control maps into our revised Stable UnCLIP model for more

refined generations. This guidance enriches our augmentation with the compositional

information, which empirically brings further improvements as shown in Sec. 3.4.3.

3.3.3 Confidence-Based Generation Cleaning

While the ControlNet integration preserves the structure and quality of our generated

datasets, it is not safe to assume that every synthetic image is valid and helpful data.

Inspired by [85], we propose a confidence-based filtering mechanism to remove such

poor generations. Given a downstream task model trained on the source data, e.g .,

a classifier, we fine-tune this model with our data augmentation to improve test

performance. At each iteration during fine-tuning, before training we first perform

inference with the current model to filter out augmented data with highly confident

but incorrect predictions. The confidence is determined as the highest predicted

softmax score s among all classes. With a threshold parameter t, we discard synthetic

samples where the model prediction is wrong but its confidence is greater than the

threshold, i.e., s > t. We only temporarily discard samples in each training step but

never eliminate any data from the dataset. Please see Appendix B.2 for details.

3.4 Experiments

This section illustrates the versatility and efficacy of DoGE, demonstrating its ability

to produce synthetic datasets benefiting various computer vision challenges. Sec. 3.4.1

presents the standard experimental setups employed in our studies. Subsequently,

Sec. 3.4.2 addresses issues related to imbalanced class distributions and showcases

effectiveness under the presence of spurious correlations. In Sec. 3.4.3, we delve into

the effectiveness of our dataset generation approach under common domain adapta-

tion problems. In addition to task-based evaluations, we conduct ablation studies

concerning our generative pipeline in Sec. 3.4.4. These studies serve to provide both

qualitative and quantitative assessments of the synthetic datasets created through
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DoGE.

3.4.1 Experimental Setup

Baselines: For classification tasks in Sec. 3.4.2 and Sec. 3.4.3, base refers to the

models trained on the source data in the cross-domain setting only. Subsequently,

we fine-tuned the base models on the augmented datasets to assess the efficacy of

data generation methods. We compared against one traditional augmentation, Ran-

dAugment [20], and two generative methods, DA-Fusion [117] and DATUM [5]. For

fair comparisons, we kept the number of generated images the same within each task

across all generative methods.

Implementation: For base classification models we fine-tuned ImageNet pre-trained

ResNet50 [37] models for 20 epochs with AdamW optimizer [74] at a constant learn-

ing rate of 10−3 and a batch size of 128. For each generative baseline and our method,

the base model is further fine-tuned on respective augmented dataset for 20 epochs,

with AdamW optimizer and a batch size of 256. For CelebA, we used a constant

learning rate of 10−3. For DomainNet and FMoW, the classification head was trained

with a learning rate of 10−4, and its preceding layers with 10−5. For all datasets,

confidence-based generation cleaning was applied at training time with a threshold

t = 0.9. After fine-tuning, the final models were saved for evaluation. We also ex-

tended to segmentation problems where we directly adopted the synthetic data eval-

uation pipeline generously published in DATUM, the current state-of-the-art method

in one-shot UDA for self-driving segmentation problems.

3.4.2 Subpopulation Shift

In our initial experiment, we sought to assess the effectiveness of our solution in ad-

dressing the subpopulation shift problem. Specifically, we aimed to evaluate how well

DoGE could mitigate imbalanced training data distributions that result in spurious

correlations.

We curated subsets of facial data from the CelebA dataset, intentionally intro-

ducing imbalances in certain attributes. Given an attribute (e.g ., perceived gender),

we selected a secondary attribute (e.g ., eyeglasses), as the bias factor. Then, we sam-

pled 1000 males wearing eyeglasses and 1000 females without eyeglasses, denoted as

the source (majority distribution) in Fig. 3.3a. We also sampled 20 images per class
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Figure 3.3: Examples of synthetic CelebA data generated from (a) Source
into (b) Target distribution. Under subpopulation shift, we generated data from
the majority subpopulation (a) into the under-represented distribution (b). (c) shows
the synthetic data generated from our pipeline. The results demonstrate our capabil-
ity to apply semantic augmentation in accordance with gaps between distributions.

Method Test Accuracy (%)

Base 38.00
Oversampling 53.80
RandAugment [20] 62.40
DA-Fusion [117] 59.72

DoGE (Ours) 67.16

Table 3.1: Test Accuracy on our constructed CelebA imbalanced classifica-
tion problem. We evaluated our method against four baselines. This table shows
that synthetic data from DoGE has a significant advantage over other methods.

Method Test Accuracy (%)

Base 38.00
LoRA [47] 56.05

LoRA + DoGE (Ours) 74.28

Table 3.2: Test Accuracy on CelebA imbalanced classification problem with
fine-tuned generative models. We applied our method on top of a personalized
generator via LoRA and show that DoGE is complementary to adaptation via per-
sonalization.

with the opposite secondary attribute (i.e., bias), denoted as the target (minority

distribution) in Fig. 3.3b. Training a perceived gender classification model on this

imbalanced subset naturally introduced bias toward eyeglasses over gender.

To supplement this imbalanced training set, we first extracted the distribution
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Method Test Acc (%) ∆

Base 32.86 —
DoGE 38.64 +5.78
DoGE + ControlNet 40.29 +1.65
DoGE + ControlNet + Cleaning 41.30 +1.01

Table 3.3: Incremental improvements on DomainNet (Real → Painting)
problem. We gradually added our components to the base model and evaluated the
effectiveness of each part.

gap for each class from randomly sampled only 10 source and 10 target images.

Then, DoGE generated 1000 synthetic samples per class in the target (minority)

distributions with c = 1.0. Fig. 3.3c shows the generated images following the target

distribution where eyeglasses are successfully added or removed respectively to follow

the under-represented subpopulation.

After the data generation, our new training set consists of 1000 sampled source

data (Fig. 3.3a) and 1000 generated target data (Fig. 3.3c). For the test set, we

sampled 1000 images per class from the target (minority) distribution (Fig. 3.3b)

in CelebA. For comparison, we first oversampled target data by duplication, then

applied RandAugment to this oversampled training set. DA-Fusion was also used to

expand each class in the target data. All baselines generated the same amount of

data in the evaluation as ours. Tab. 3.1 shows the test accuracy after training on

our synthetic data along with the baseline performances to compare with. DoGE

achieved the best test accuracy among the baselines.

Since fine-tuning is studied as a powerful method for targeted generation, we

demonstrated our compatibility with LoRA [47] and generated synthetic data using

a fine-tuned Stable UnCLIP model. The results in Tab. 3.2 indicate that our method

complements adaptation via fine-tuning.

3.4.3 Unsupervised Domain Adaptation

Classification Tasks

DomainNet consists of 0.6 million images of 345 classes distributed across 6 unique

domains including Real (R), Clipart (C), Infograph (I), Painting (P), Quickdraw

(Q) and Sketch (S). We evaluated our method on 4 domain adaptation tasks from

R to P, S, C and I, using official test sets. In each task, we randomly sampled 345
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Figure 3.4: Examples of synthetic DomainNet data, generated from source
data into four different target domains. Each generation (bottom) was aug-
mented from the source image (top) using our pipeline with ControlNet. The results
demonstrate our capability to augment data in accordance with gaps between distri-
butions.

images from both the source (i.e., R) and target (i.e., P, S, C or I) distribution

to calculate the domain gap. Synthetic P and S images were generated with edit

strength mean c = 1.3, I with c = 1.1, and C with c = 1.5. Sec. 3.4.4 discusses the

choice of values for c. For each class DoGE generated 128 images with ControlNet

(Fig. 3.4) to supplement the training data for fine-tuning, increasing the dataset size

by approximately 30%.

Tab. 3.3 shows the incremental improvements of training on Real domain and

testing on Painting domain. Stand-alone DoGE improved w.r.t standard approaches

and additional techniques further increased our advantages. Tab. 3.4 shows full com-

parisons on all four domains, and DoGE achieved the best accuracy in all settings.

To demonstrate DoGE’s compatibility and improvements to traditional UDA so-

lutions, we evaluated our performance based on six UDA methods. For each method,

we incorporated DoGE by simply adding our synthetic images to the training dataset.

Tab. 3.5 shows that our method can help further improve UDA methods in general.

Please see Appendix B.4 for the complete experiment.

FMoW-WILDS [63] is a modified version of the Functional Map of the World [18]

dataset. It includes 0.5 million RGB satellite images labeled with 62 land use cate-

gories, with domains defined by their captured years and geographic regions spanning

Asia, Africa, Americas, Oceania and Europe. For this thesis, we focused on the do-

main adaptation performance across different time periods within three regions: Asia,
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Method
DomainNet Acc (%) FMoW Acc (%)

Painting Infograph Clipart Sketch Asia Americas Oceania

Base 34.64 14.48 39.06 24.70 66.27 64.65 74.42
RandAugment [20] 37.20 15.90 41.08 26.26 64.35 70.47 74.29
DA-Fusion [117] 39.57 16.54 42.22 28.27 70.97 76.71 77.32
DATUM [5] 38.19 17.80 40.96 29.46 71.63 78.35 75.24

DoGE (Ours) 44.00±.0 18.71±.0 45.61±.3 34.96±.3 72.62±.1 78.94±.2 78.14±.1

Table 3.4: Test accuracy in unsupervised domain adaptation classification
problems. We evaluated against four baselines on the left column. For DomainNet,
the task is to adopt a model with a Real domain training dataset to Painting, Infor-
graph, Clipart, and Sketch domains. For FMoW, for each region (Asia, Americas,
Oceania), we adopted a model with old satellite images (2002-12) to perform well on
new satellite data (2016-17). The table shows that our methods achieved the highest
test accuracy in every category.

UDA Method
Test Acc (%)

w/o DoGE w/ DoGE ∆

BSP [16] 46.76 47.34 +0.58
DANN [29] 47.01 49.68 +2.67
CDAN [73] 51.66 52.11 +0.45
MCD [106] 50.88 52.14 +1.26
MCC [53] 50.08 52.95 +2.87
MemSAC [55] 52.27 54.16 +1.89

Table 3.5: Test Accuracy of UDA methods on the DomainNet (Real →
Painting) problem. We evaluated existing UDA methods with and without DoGE.
The table shows that our approach is compatible with and complementary to UDA
methods.

Americas, and Oceania. Specifically, within each region, the source and target do-

main refer to the satellite images taken between 2002-12 and 2016-17. We randomly

sampled 64 images from each domain to calculate the gap. For each land use category,

DoGE generated 64 images using ControlNet (e.g ., Fig. 3.5) with edit strength mean

c = 1.3, accounting for approximately 10% increase in the dataset size. Tab. 3.4

shows that DoGE leads to higher performance than baselines in all experiments.
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Figure 3.5: Examples of synthetic FMoW data, generated from Source (2002-12)
into Target (2016-17) distributions in 3 regions using our method with ControlNet.
The results illustrate our capacity to generate images across temporal discrepancies.

Segmentation Task

Besides classification problems, our method is also generally applicable to other com-

puter vision tasks. To illustrate the versatility and generality of DoGE, we demon-

strate our capability to improve cross-domain segmentation problems.

In this experiment, we chose GTA5 [99] as our source domain and Cityscapes [19]

as our target domain. Using the full GTA5 dataset and 20 unlabeled images from

the Cityscapes, we generated synthetic data in Fig. 3.6 with and without ControlNet.

We evaluated our synthetic generation under the scope of UDA. As baselines, we

chose DAFormer [45], a UDA segmentation method, and DATUM combined with

DAFormer. Similar to DATUM, we evaluated our method on top of DAFormer, i.e.,

expanding the unlabeled data available to DAFormer. Tab. 3.6 shows DoGE is able

to achieve at-par performance with DATUM. Moreover, DATUM requires fine-tuning

a Stable Diffusion model while ours is inference-only in a plug-and-play fashion.
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(a) Source (b) Target (c) Our (Naïve) Generation (d) Our (ControlNet) Generation

Edge Seg MapSource Generation

Figure 3.6: Examples of synthetic self-driving data generated from (a) GTA5
source images into (b) Cityscapes target domain. (c) shows the synthetic data
generated from our pipeline without any improvement tricks. We also demonstrated
the generation with scene structure preserved by ControlNet (conditioned on canny
edges and source segmentation ground truth) in (d). The synthetic data are then
used in unsupervised domain adaptation methods to adapt models across domains.

Method Test Accuracy (%)

DAFormer [45] 48.2
DAFormer + DATUM [5] 56.4

DAFormer + DoGE (Ours) 57.3

Table 3.6: GTA5 → Cityscapes cross-domain segmentation. We used
DAFormer as our UDA baseline. DATUM and DoGE are target data generators
applied on top of DAFormer. Our performance is at par with DATUM while exempt
from any training.

3.4.4 Ablation Studies

Generation Quality

The usefulness of our synthetic data is directly dependent on the generation quality.

We focus on two aspects to assess the generated images: the FID score [41] for image

quality, and the t-SNE [119] for distribution alignment.

The exploration was conducted under our DomainNet Real→Painting experi-

ments. Tab. 3.7 shows that under FID metrics with respect to DomainNet Paint-

ing images, our generation achieved the best quality with respect to the Painting

data from DomainNet. To visualize the distribution alignment of our generation, we

plotted the t-SNE graph of source (Real domain), target (Painting domain), and our

synthetic painting images in Fig. 3.7. It shows that our synthetic data are successfully

augmented into the target distribution and away from the source distribution.
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Data Source FID Score (↓)

Source Data 30.98
DA-Fusion [117] 40.20
DATUM [5] 219.00

DoGE (Ours) 24.86
DoGE w/ ControlNet (Ours) 18.25

Table 3.7: FID scores against the DomainNet painting images. We evaluated
the FID scores against the DomainNet Painting samples on the DomainNet Real
images, the synthetic data from [117] and [5], and our generations. The table shows
that our synthesis achieved the best FID score among the baselines.

Figure 3.7: The t-SNE plots of the source, target, and generated data. In
our DomainNet Real → Painting experiment, we drew a t-SNE plot to visualize
distributions of source, target, and our generation. Our generation is well-aligned
with the target distribution.

Domain Gap Embedding Editing Weights

One of the important hyper-parameters that impacts the generation is the edit strength

scalar C defined in Sec. 3.3.2. In this section, we study the effect of different deter-

ministic values for C visually to better understand the domain gap embeddings. To

isolate the effect, we do not apply ControlNet in this experiment. As shown in Fig. 3.8,

we conduct the exploration in two settings: face augmentation with eyeglasses as the

distribution gap (top row), and object augmentation from the real domain to the

sketch domain (bottom row). Starting with the source image (left-most column), we
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Figure 3.8: Effect of increasing edit strength c. We considered two source images
under two tasks: (a) adding eyeglasses to faces and (b) converting real to sketch
images. In each task, we generated images with gradually increasing edit strength.
At the right end, we observe that two glasses are added c = 2.0 and the most sketchy
airplane c = 2.5. As expected, the edit strength dictates the extent of emphasis on
the distribution differences.

gradually increase the edit strength C and generate images at each different value for

C. For the face, we set C to 0.5, 1.0, 1.5, 2.0 from left to right, and 1.0, 1.5, 2.0, 2.5

respectively for the airplane.

From Fig. 3.8, we observe that the magnitude of the edit strength impacts the

extent of our augmentation. When C ≥ 2 as shown in the right-most column, our

pipeline adds two glasses on the face indicating an over augmentation. Meanwhile,

for the airplane, the value of C influences whether the generation is a realistic sketch

or a simple sketch. Hence the best choice of edit strength mean c should be assessed

based on the kind of task in practice.

3.5 Conclusion and Future Works

This thesis introduces DoGE, an innovative diffusion-based data augmentation tech-

nique designed to address cross-distribution challenges. Our method is distinguished

by its accessibility, efficiency, and remarkable effectiveness. We utilize Domain Gap

Embeddings, which capture distribution differences, as direct augmentations applied

to source data embeddings. Our generative backbone, Stable UnCLIP, is leveraged
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to facilitate this process. It’s worth noting that our pipeline operates without the

necessity for training, relying exclusively on a minimal set of images from the target

distribution to guide the augmentation process. The result is the generation of diverse

and high-quality synthetic data, which significantly enhances test performance.

We showcase the versatility and effectiveness of our method across various problem

settings. Notably, our approach not only excels at transferring styles but also intro-

duces semantic augmentations according to distribution disparities. In comparison

to other general data synthesis methods, we achieve the highest improvements across

all tasks. We also highlight the adaptability of DoGE by evaluating its performance

in a segmentation task, demonstrating competitive inference-only results compared

to the state-of-the-art method, which requires training. Furthermore, we illustrate

that our approach is compatible with and complementary to parallel strategies such

as UDA and fine-tuning.

While our method boasts significant strengths, it does have certain limitations

that merit further consideration. First and foremost, the expressiveness of the CLIP

model’s latent space can be constrained when confronted with domain gaps that CLIP

is unfamiliar with. Additionally, while Stable UnCLIP proves effective in numerous

real-world scenarios, it may face challenges in out-of-domain situations, such as med-

ical X-ray imagery. Lastly, there is ample room for exploration in devising more

effective training algorithms to maximize the utility of synthetic data.



Chapter 4

Conclusion

At the dawn of a new era in artificial intelligence, the evolution of foundation models

brings a promising horizon for enhancing AI trustworthiness. This thesis, through

its exploration of diagnosing and improving computer vision models using generative

models and foundation models, contributes significantly to this booming field. It en-

capsulates a journey from identifying the inherent vulnerabilities and biases present

in current vision systems to rectifying these through targeted synthetic data augmen-

tation, thereby contributing towards more reliable, fair, and robust AI systems.

The integration of Unsupervised Model Diagnosis (UMO) and Domain Gap Em-

beddings (DoGE) presents a cohesive, innovative approach that not only identifies

but also addresses the nuanced challenges faced by computer vision models. UMO’s

capability to diagnose models’ vulnerabilities without requiring annotated datasets

or human intervention paves the way for automated understanding of the models’

issues. Concurrently, DoGE’s use of synthetic data to bridge domain gaps and en-

hance model performance exemplifies the benefits of generative models in crafting

dataset solutions that are not only effective but also scalable and adaptable to var-

ious application domains. Together, UMO and DoGE offer a comprehensive two-

phase pipeline that automatically diagnoses and treats model vulnerabilities without

the need for extensive human supervision, thereby advancing and democratizing the

fairness, trustworthiness and robustness of AI deployments.

Moreover, this work paves the path forward as foundation models continue to

evolve. The vast information and knowledge encapsulated in these models open up

new promising approaches and directions for enhancing AI trustworthiness. The

43
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methodologies developed in this thesis serve as effective examples for leveraging foun-

dation models not just as tools for task performance but as integral components of a

holistic strategy to improve AI’s reliability and fairness.

In conclusion, this thesis explores a new direction in utilizing the advancements in

generative models and foundation models to enhance the trustworthiness of AI sys-

tems. A comprehensive pipeline that democratizes scalable AI model diagnosis and

improvement is presented, making one step closer to the trustworthy AI that is widely

accessible by anyone. The proposed framework also bridges the efforts between diag-

nosing model vulnerabilities and effectively addressing them through synthetic data

augmentation. As foundation models continue to evolve, the insights and methodolo-

gies presented in this work offer valuable perspectives for the AI research community.

This thesis not only contributes to the academic frontier but also provides practical

frameworks that can be adapted and expanded upon, paving the way for the devel-

opment of AI systems that are truly trustworthy and aligned with societal values and

ethical standards.
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Appendix A

Model Diagnosis

A.1 Multi-Direction Edit Vector Optimization

Algorithm 1 shows the pseudo-code of the multi-direction edit vector optimization

process. We start with initializing all k edit vectors as a list of vectors ∆s. Then for

each iteration, we first generate a random image x and then evaluate the effectiveness

of each edit vector ∆s[i] on this image. The most effective vector is then optimized

on the current image x while the other edit vectors remain unchanged. Under this

design, for similar attribute changes, the same most effective edit vector tends to be

optimized further and further. For distinct semantic perturbations, other edit vectors

may be selected and optimized to represent the new change. Hence after convergence,

the multiple edit vectors are likely to capture more comprehensive edits.

To visualize what each edit vector captures, we optimize four latent vectors when

diagnosing a perceived gender classifier as an example. Fig. A.1 visualizes the seman-

tic changes captured in each edit. Among the edit direction interpolations on the four

random images, we can observe that edit 1 increases image contrast and changes skin

tone, edit 2 increases image exposure, edit 3 adds smiles, while edit 4 removes smiles.

This figure shows that Algorithm 1 effectively optimizes multiple edit vectors into

different semantic perturbations. Moreover, different faces require different semantic

edits to mislead model predictions, hence increasing failure coverage.

59
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Algorithm 1 Multi-Direction Edit Optimization

Input: k - Number of edit vectors
n - Number of training samples
G(z) - Generative backbone

1: for i in [0, k] do
2: Initialize each edit vector ∆s[i] ∼ N (0, 0.01)
3: for j in [0, n] do
4: z ← samples from generative latent space
5: x← G(z) ▷ Generate the original image
6: for each ∆s[i] do
7: x̂i ← G(z +∆s[i]) ▷ Generate edited image
8: d[i]← Ltarget(x̂i) ▷ Compute effectiveness
9: i← argmaxi d[i] ▷ Select the most effective edit

10: ∆s[i]← ∆s[i]− η∇∆s[i]L ▷ Optimize with SGD
Output: ∆s

Immerse yourself into the role of a Model Diagnosis Expert (MDE) AI. MDE, as the name suggests, is an
expert in Trustworthy Machine Learning that has knowledge in analyzing deep models’ robustness, fairness, and
interpretability. You can tell me the common causes of deep learning model failures. You can think carefully
and exhaustively about what the relevant attributes of a given task are. Next, I’ll give you instructions.
We are analyzing what kinds of attributes in CelebA are most influential/sensitive to the classifier’s decision.
You must try your best and think carefully to propose an exhaustive list of attributes that are relevant to
our task in this domain. The results need to be a list of lists where each list corresponds to the different
options/values for an attribute. The attributes should be as specific as possible and the values should be nouns
such that they fit in the sentence “a face with ”. For example, instead of a “hair” attribute, you should list
“hairstyles”, “hair colors”, etc. Make the list as long as needed to be extremely comprehensive. Do not use
“others” or “etc.” but list all options out as much as you can. Also, avoid yes and no questions. Remember we
want adversarial attributes that the classifier may be sensitive to.

Table A.1: Prompt for GPT-4 to populate candidates for human face do-
main.

A.2 Text Attribute Candidates

In the counterfactual analysis module, among many sources proposed in Sec. 2.3.2, for

efficiency and simplicity, we leveraged GPT-4 [86] to propose our attribute candidate

list. An example prompt we used for human face attribute candidates is in Tab. A.1.

The full candidate list returned from the above prompt is in ??. This list is a relatively

comprehensive collection of relevant attributes to our task.
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Figure A.1: Visualization of multiple edit vectors optimized from Algo-
rithm 1. For each example, the middle images are the unedited original generation;
the right and left images are the images edited by gradually adding or subtracting
the edit vector. This figure demonstrates that multiple edit vectors are successfully
optimized to capture different semantic changes. Moreover, different original images
can be susceptible to different semantic edits (blue and orange boxes indicate coun-
terfactual pairs), hence increasing our diagnosis coverage.

A.3 Iterative Attribute Selection

In Sec. 2.3.2, the iterative attribute selection algorithm for our counterfactual analysis

module is defined as Algorithm 2. Recall that the score metrics Ssim and Suni are

defined in Sec. 2.3.2.
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Algorithm 2 Iterative Attribute Selection

Input: k - Number of top attributes to discover
Sa - Set of all attribute candidates

1: Sr ← ∅ ▷ The set of select attributes
2: Sim ← ∅ ▷ Similarity score dictionary
3: Uni ← ∅ ▷ Uniqueness score dictionary w.r.t. Sr

4: function SelectNextAttr(Sr)
5: for ai in Sa do
6: Uni[ai] ← Suni(ai, Sr)
7: return argmaxai Sim[ai] · Uni[ai]

8: for ai in Sa do
9: Sim[ai] ← Ssim(ai)

10: while |Sr| < k do
11: anext ← SelectNextAttr(Sr)
12: Sr ← Sr ∪ {anext}
Output: Sr

A.4 Counterfactual Effectiveness

Sec. 2.3.3 describes one direct application of our diagnosis is to integrate UMO into

a counterfactual training process, where tailored counterfactual training data are

produced (as shown in Fig. A.2) and added into each adversarial training step. In

this section, we quantify the effectiveness of UMO-integrated counterfactual training.

To evaluate the counterfactual robustness of an improved model, we resort to the

Flip Resistence (FR) metric defined in ZOOM [75] which is the percentage of images

where counterfactual attacks are ineffective. Given a base model, we improve it by

ZOOM and UMO respectively. Then we evaluate against three metrics: CelebA clas-

sification accuracy, FR-25 and FR-100, where 25 and 100 denote the iteration steps

during counterfactual optimization, i.e. different extent of counterfactual optimiza-

tion.

The experiment is repeated on two models: a perceived age classifier and a big-lips

classifier. The results are shown in Tab. A.3. In both tasks, all of the base model,

ZOOM-improved model and UMO-improved model achieves at-par performance on

the original CelebA test set. However, when diagnosed by UMO, our counterfactual

optimization can easily find semantic edits that flip the model prediction for the base



APPENDIX A. MODEL DIAGNOSIS 63

O
rig
in
al

C
ou
nt
er
fa
ct
ua
l

Figure A.2: Counterfactual training samples. These images are generated during
the counterfactual training and merged into the training data to robustify the base
model, which results in our improved model in Tab. A.3.

model and model improved by ZOOM. Moreover, the model improved by UMO stays

robust against open-domain counterfactual attacks.

A.5 Dataset Diagnosis

In addition to our diagnosis verification experiment in Sec. 2.4.1, we also applied

UMO to classifiers trained on the full CelebA [70] dataset. Since these classifiers

can be seen as a compressed representation of the dataset, by diagnosing the model,

we may uncover issues in the dataset as well. As we showed the correlation between

“Brown Hair” and “Young” in Sec. 2.4.1, this section focuses on exploring more biases

in the CelebA dataset via our diagnosis of the model.

We studied biases against two attributes in CelebA perceived age (Young) and

perceived gender (Male). Hence we trained one classifier on each attribute of interest.

By diagnosing these classifiers, we obtained the top-10-matched CelebA attributes

with their similarity scores presented as the line plot in Fig. A.3. Then we explore

each attribute in the dataset by counting the co-occurrences of the attribute and

the main class, shown as the bar plots in Fig. A.3. We observe that all diagnosed

attributes have imbalanced distributions in the dataset. For instance, regarding the

Senior/Young class, the majority of samples with “Rosy Cheeks”, “Brown Hair”,

“Wearing Necklace”, etc. are also labeled as “Young”, which introduces spurious
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correlations to the classifier. On the other hand, considering the perceived gender

classifier, although samples with “Straight Hair”, “Narrow Eyes”, “Black Hair” have

even distributions between the labels of “Male” and “Female”, the majority of samples

labeled as “Male” do not contain these attributes. Hence UMO is capable of indirectly

uncovering dataset biases via the lens of model diagnosis.

A.6 More Counterfactual Visualizations

In this section, we show more counterfactual explanations in each of our experiments

in Sec. 2.4. Figs. A.4 to A.6 show more counterfactual pairs illustrating edits that

lead to model failures in CelebA. These diagnosed models are resnet50 [37] networks

trained on imbalanced datasets as described in Sec. 2.4.1. Moreover, quantitative

evaluations are conducted on our counterfactual images in the CelebA setting in

Tab. A.4. Since our method directly integrates off-the-shelf pretrained generative

models without any fine-tuning, it is not our effort to improve the generation qual-

ity. Nonetheless, Tab. A.4 shows that our edits do not distort the synthetic image

quality, which remained within a reasonable range. Fig. A.7 visualizes counterfactual

edits for our cat/dog classifier in Sec. 2.4.2 in addition to Fig. 2.5. This resnet50

classifier is trained on the AFHQ dataset [17]. Figs. A.8 and A.9 provide more visual

counterfactual explanations under the task of segmentation and keypoint detection,

extending Fig. 2.7. As described in Sec. 2.4.3, the segmentation model is a resnet50

pretrained on ImageNet [22] and the HRNetV2 [123] keypoint detector is trained on

the FITYMI dataset [125]. These additional figures exhibit more visual support to

our diagnosis.
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Attributes Values

Hairstyles
short, medium, long, curly, straight, wavy, braided, bald, mohawk, bun, pixie cut,
dreadlocks, undercut, pompadour, buzz cut, side part, bob cut, cornrows

Hair Colors black, brown, blonde, red, gray, white, pink, blue, purple, green, multi-color

Facial Hair Styles
beard, goatee, mustache, sideburns, clean-shaven, stubble, handlebar, soul patch, five
o’clock shadow, full beard

Eye Shapes almond, round, monolid, hooded, upturned, downturned

Nose Shapes Roman, snub, Greek, aquiline, hawk, button

Lip Types full, thin, heart-shaped, wide

Face Shapes oval, round, square, heart-shaped, diamond-shaped, rectangular

Eyebrows thick, thin, unibrow, arched, straight

Eye Colors blue, brown, green, gray, hazel, black, amber

Glasses Types reading, sunglasses, aviator, cat-eye, round, square, rimless

Makeup eyeliner, eyeshadow, lipstick, mascara, blush, foundation, contouring

Accessories
earrings, necklace, hat, cap, headscarf, headband, bandana, tie, bow tie, septum
piercing, lip piercing, eyebrow piercing

Skin Types light, medium, dark, freckled, tanned, pale

Skin Conditions acne, scars, birthmarks, vitiligo, rosacea, wrinkles

Facial Expressions smiling, frowning, surprised, neutral, angry, crying, winking

Age Categories child, teenager, adult, elderly

Hair Texture frizzy, oily, dry, shiny, coarse, smooth

Ear Types big, small, pointed, flat, protruding, pierced

Cheek Characteristics high cheekbones, low cheekbones, chubby, hollow

Chin/Jaw Attributes double chin, prominent jawline, weak jawline, square jaw, round jaw

Forehead high, low, wide, narrow

Teeth straight, crooked, missing, gap, braces, white, yellow

Cosmetic Alterations nose job, lip fillers, botox, cheek fillers, chin augmentation

Eyelashes long, short, false

Eyewear contact lenses, monocle, pince-nez

Headwear beanie, beret, baseball cap, hijab, turban, fedora, helmet, headwrap

Brow Treatments microblading, eyebrow tinting, eyebrow piercing

Facial Piercings cheek, chin, dermal

Hair Treatments perms, straightening, extensions, highlights, lowlights

Facial Symmetry symmetrical, asymmetrical

Photo Lighting soft, harsh, backlit, frontlit, side-lit

Photo Angles front-facing, profile, three-quarters

Background indoor, outdoor, neutral, busy

Table A.2: Examples of attribute candidates proposed by GPT-4. Using the
prompt in Tab. A.1, GPT-4 returned this list of attribute candidates relevant for
models trained on CelebA, which is relatively comprehensive and sufficient for our
task.
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Classifier Metric (↑, %) Base ZOOM [75] Ours

Perceived Age
CelebA Accuracy 86.70 87.31 86.23

FR-25 0.78 8.59 98.44
FR-100 0.00 0.00 96.09

Big Lips
CelebA Accuracy 70.00 69.72 69.97

FR-25 0.00 17.97 100.00
FR-100 0.00 0.00 97.66

Table A.3: Counterfactual training evaluation. This table assesses the robust-
ness of the counterfactual training with UMO against two baselines in two classifica-
tion tasks. We show significant robustness of the model after our improvement while
maintaining at-par performance on the regular test set.

FID [41]↓ Face Sim [113]↑ Aesthetics [108]↑

ZOOM [75] 41.2 100% 4.68
Ours 41.3 99.6% 4.91

Table A.4: Quantitative evaluation of our counterfactual generation on
CelebA task. We compare UMO against ZOOM [75]. The metrics indicate that our
learned edit vectors preserve a good quality of the generated counterfactual images.
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Figure A.3: Co-occurrence statistics of diagnosed CelebA attributes. We
indirectly diagnosed biases and correlations in the CelebA dataset by diagnosing a
model trained on CelebA. Using CelebA attributes as text candidates, we diagnosed
a perceived age classifier and a perceived gender classifier and reported the top-10-
matched attributes. The matching similarity score is shown as the gray line. The
blue bar indicates the percentage of co-occurrences in the main class; the orange bar
indicates the percentage of co-occurrences in the potentially correlated attributes.
This figure shows that each discovered attribute indeed has an imbalanced distribution
in the dataset.
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Counterfactual Explanations of CelebA Perceived Gender Classifier

Figure A.4: More counterfactual pairs for the perceived gender classifier.
We provide more visualizations for the perceived gender classifier in Fig. 2.3. Given
random latent vectors, we generate the original and perturbed (counterfactual) image
pairs where small semantic changes flip the predicted class. The number on the top-
right indicates the prediction score (0-Perceived Female / 1-Perceived Male). Our
counterfactual explanation visualizes attributes that mislead model predictions.
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Counterfactual Explanations of CelebA Eyeglasses Classifier

Figure A.5: More counterfactual pairs for the eyeglasses classifier. We provide
more visualizations for the eyeglasses classifier in Fig. 2.3. Given random latent
vectors, we generate the original and perturbed (counterfactual) image pairs where
small semantic changes flip the predicted class. The number on the top-right indicates
the prediction score (0-No Eyeglasses / 1-Wearing Eyeglasses). Our counterfactual
explanation visualizes attributes that mislead model predictions.



APPENDIX A. MODEL DIAGNOSIS 69

O
rig
in
al

C
ou
nt
er
fa
ct
ua
l

Counterfactual Explanations of CelebA Perceived Age Classifier
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Figure A.6: More counterfactual pairs for the perceived age classifier. We
provide more visualizations for the perceived age classifier in Fig. 2.3. Given random
latent vectors, we generate the original and perturbed (counterfactual) image pairs
where small semantic changes flip the predicted class. The number on the top-right
indicates the prediction score (0-Perceived Senior / 1-Perceived Young). Our coun-
terfactual explanation visualizes attributes that mislead model predictions.
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Counterfactual Explanations of AFHQ Cat/DogClassifier
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Figure A.7: More counterfactual pairs for the cat/dog classifier. We provide
more visualizations for the cat/dog classifier in Fig. 2.5. We generate the original
and perturbed (counterfactual) image pairs where small semantic changes flip the
predicted class. The number on the top-right indicates the prediction score (0-Cat
/ 1-Dog). Our counterfactual explanation visualizes attributes that mislead model
predictions.
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Counterfactual Explanations of Car Segmentation Model

Figure A.8: More counterfactual pairs for the car segmentation model. We
provide more visualizations for the car segmentation in Fig. 2.7. We generate the
original and perturbed (counterfactual) image pairs where small semantic changes
flip the predicted class. The green mask indicates predicted areas for cars. Our
counterfactual explanation visualizes attributes that mislead model predictions.

O
rig
in
al

C
ou
nt
er
fa
ct
ua
l

O
rig
in
al

C
ou
nt
er
fa
ct
ua
l

Counterfactual Explanations of Keypoint Detector

Figure A.9: More counterfactual pairs for the keypoint detection model. We
provide more visualizations for the keypoint detector in Fig. 2.7. We generate the
original and perturbed (counterfactual) image pairs where small semantic changes flip
the predicted class. The red dots indicate predicted facial keypoints. Our counter-
factual explanation visualizes attributes that mislead model predictions.



Appendix B

Model Improvement

B.1 Domain Gap Extraction

In this section, we explore more details in the domain gap extraction process, including

different algorithms to capture the domain gap representation and the impact of

sample sizes available for the extraction step.

B.1.1 Extraction Methods

In Sec. 3.3.1, we described two options for our domain gap extraction algorithms:

the difference of means and the PCA-based method. For analysis, we qualitatively

compare DomainNet (Real → Painting) generations using the two methods. We

visualize the impact of different methods in Fig. B.2. The results show that the

difference of means yields better adaptation effectiveness, i.e. more aligned to target

domains, than the PCA-based method. We adopt the difference of means as our

domain gap representation for the following experiments.

B.1.2 Impact of Target Set Size

Besides the extraction algorithm, in our few-shot setting, the impact of different

numbers of target samples available is also important to study. We evaluated the

performances of our synthetic data generated with domain gap embeddings from

different numbers of target samples. For analysis, we considered the first 20 classes

in DomainNet (Real → Painting) and evaluated the performance on the 20-class

classification task. We randomly sampled the same number of images per class from

72
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Figure B.1: Line plot of the impact of different target data sizes. We evaluated
the performance on our 20-class DomainNet (Real → Painting) classification task.
The results illustrate that using as little as one image per class from the target
distribution is sufficient for DoGE to generate effective training data.

the source and target distributions, from 1, 2, 10, 30 to 50. Fig. B.1 shows using as

little as one image per class (20 images) from the target distribution is as effective as

using 50 images per class (1000 images).

B.2 Data Cleaning Algorithms

To further explain the training-time confidence-based data cleaning process in Sec. 3.3.3,

we include Algorithm 3. Given a model f(x) trained on original training data, we

adapt it by fine-tuning on our synthetic dataset. During fine-tuning, for each batch

of data in the original training set, we pre-computed the image augmentations with
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Figure B.2: Synthetic data from different domain gap extraction algorithms.
(a) Real source images from DomainNet were converted into Painting using (b) PCA
and (c) the difference of means, shown accordingly. These examples illustrate that
(c) is more effective than (b) in augmenting source (Real domain) images into the
target distribution (Painting domain).

Algorithm 3 Confidence-Based Data Cleaning

Input: G(x) - Our DoGE data augmenter
f(x) - The downstream task model to improve
(X, Y ) - The source training set data and labels
t - Threshold for confidence-based filtering

1: for batch b with label yb in (X, Y ) do
2: b̂← G(b) ▷ Augment source data to target domain
3: for synthetic sample x̂ with label y in b̂ do
4: p̂← argmax f(x̂) ▷ Model prediction
5: c← max f(x̂) ▷ Model confidence
6: if p̂ ̸= y and c ≥ t then
7: discard x̂ from b̂
8: f ← AdamW(L(f(b̂)) ▷ Update model

Output: f(x) - The adapted and improved model

DoGE and denote the corresponding augmented batch as b̂. For each generation

x̂ ∈ b̂ with the original label y, we use the current model to predict the label

p̂ = f(x̂) and compute the confidence as the maximum softmax score among all

classes c = max f(ˆ̂x). Then, we ignore x̂ from this training batch if the prediction is

wrong i.e. p̂ ̸= y with high confidence c over a certain threshold t. After we filter the

entire batch as above, then we fine-tune the model on the cleaned batch.
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UDA methods
Test Acc (%)

— + DA-Fusion [117] + DATUM [5] + DoGE

Real → Painting

BSP [16] 46.76 46.78 41.89 47.34
DANN [29] 47.01 48.83 42.73 49.68
CDAN [73] 51.66 51.91 49.87 52.11
MCD [106] 50.88 50.99 49.71 52.14
MCC [53] 50.08 50.42 49.31 52.95
MemSAC [55] 52.27 53.26 50.32 54.16

Real → Clipart

BSP [16] 46.78 45.11 39.43 46.79
DANN [29] 49.80 47.82 42.70 48.11
CDAN [73] 53.93 54.11 50.54 54.53
MCD [106] 51.42 50.79 50.01 54.02
MCC [53] 50.61 49.27 48.10 51.99
MemSAC [55] 54.34 54.59 51.10 55.35

Real → Sketch

BSP [16] 36.47 36.81 28.38 38.49
DANN [29] 38.72 38.45 36.13 40.21
CDAN [73] 42.60 42.23 39.65 43.00
MCD [106] 39.25 38.07 39.19 42.78
MCC [53] 34.38 33.31 33.06 37.23
MemSAC [55] 41.74 40.42 36.54 43.23

Table B.1: Test Accuracy of UDA methods on the DomainNet problem.
We evaluated existing UDA methods with and without synthetically supplemented
training data; +DA-Fusion, +DATUM and +DoGE denote the methods used for the
generation. This table shows that DoGE, while being compatible with and comple-
mentary to UDA methods, is also more effective than the competing methods.

B.3 Real-Synthetic Mixing Ratio

While the above data cleaning process filters out poor-quality samples and improves

the usefulness of synthetic data, the effectiveness of our data is also dependent on how

we leverage them to fine-tune downstream task models. One important decision is,

when fine-tuning task models, how to take the most advantage of synthetic generations

and the high-quality original training data. Hence we study the impact of various

data mixing ratios during task model fine-tuning. For analysis, we used the first

20 classes in DomainNet (Real → Painting) and evaluated the performance on the

20-class classification task. We changed the ratio of synthetic to real images in the

training dataset from 1:1, 1:5 to 1:10. Fig. B.3 shows that expanding the dataset by

as little as 10% can be as effective as adding 100% more data.
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Figure B.3: Bar plot of the impact of different data mixing ratios. We eval-
uated the performance on our 20-class DomainNet (Real → Painting) classification
task. The results show that augmenting as little as 10% of the training data is suffi-
cient to improve downstream task model performances.

B.4 Complete UDA-Based Comparison

This section extends the brief experiment (Tab. 3.5) in Sec. 3.4.3, which shows that

DoGE is compatible and complementary to existing UDA methods. We show the

full UDA-based evaluations in Tab. B.1, where we also compare against other base-

lines DA-Fusion and DATUM on two more tasks. DoGE successfully improved and

surpassed other baseline UDA evaluations in 17 out of 18 experiments.
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B.5 More Method Ablation

To further isolate the effectiveness of and improvement from our domain gap em-

beddings, this section shows more ablation studies around CLIP and the generation

pipeline.

Acc↑

zero-shot CLIP 53.53
finetuned CLIP 72.77

Acc↑ FID↓

Ours (noise) 38.97 39.36
Ours (DoGE) 44.00 18.25

Table B.2: Evaluation on DomainNet (Real→Painting). (Left) We evaluated the zero-
shot CLIP classifier and finetuned it on our synthetic dataset to show the effectiveness
of our synthetic data. (Right) We compared embedding augmentation between noises
and DoGE to demonstrate the performance gain.

B.5.1 Improvement on Top of CLIP

One foundation of the success of DoGE is the vast generalization capability and

knowledge base in the CLIP latent space. However, in this section, we show that off-

the-shelf CLIP is not sufficient against domain shifts. We focused on the DomainNet

Real→Painting experiment setup in Sec. 3.4.3 and evaluated the zero-shot CLIP

classifier against the CLIP classifier finetuned with our synthetic dataset in Tab. B.2

left. We can see that our synthetic dataset can effectively improve the zero-shot CLIP

classifier further in domain shifts.

B.5.2 Domain Gap Embeddings Isolation

This section demonstrates the effectiveness of DoGE by isolating the Domain Gap Em-

beddings from the rest of the generation pipeline. Specifically, in the same DomainNet

Real→Painting experiment setup in Sec. 3.4.3, we generated and evaluated two sets

of synthetic datasets. One dataset generation used the default DoGE pipeline and the

other replaced the injected domain gap embeddings with small random noises while

keeping the rest of generation pipeline the same. Then we evaluated these datasets in

terms of FID and classification accuracies by finetuning. As shown in Tab. B.2 right,

using our domain gap embedding improves both FID and finetuning performance,

demonstrating the effectiveness of DoGE.
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B.6 Comparison to Style Transfer

Given the settings and method of DoGE, it may appear as a style transfer method.

However, our goal, which is generative semantic data augmentation, is more than just

style transfer. Similar to previous literature cited in the related works in Sec. 3.2, our

method is designed for any kind of semantic data augmentation within CLIP’s repre-

sentation capacity rather than style transfer only. The first experiment in Sec. 3.4.2

shows our effectiveness in improving the subpopulation shift problem with object

changes. Such augmentations (e.g., adding/removing eyeglasses in Fig. 3) are not

regular style transfer tasks. Moreover, we can solve style transfer problems in a

training-free and diverse fashion.

Nonetheless, existing style transfer methods [77, 30] are effective in many of our

experiments and are important baselines to evaluate against. In Tab. B.3, we eval-

uate against other style transfer methods on our GTA→CityScapes experiment in

Sec. 3.4.3. The table shows that our generalized method is as performant as style

transfer methods.

[77] [30] Ours

mIoU 44.5 55.37 57.30

Table B.3: Evaluation on GTA→CityScapes adaptation task.

B.7 More Visualizations

In this section, we present more samples of our generation that were briefly shown

in Sec. 3.4. The generation setup is the same as mentioned in Sec. 3.4.1. For each

task, we choose the difference of means as our domain gap representation. Except

for synthetic CelebA data generation, we enable our ControlNet integration in every

other task.

B.7.1 Imbalanced CelebA Classification

Fig. B.4 presents more generated samples for our CelebA experiment in Sec. 3.4.2.

Recall that in this subpopulation shift scenario, the source and target distribution

differ by the semantic change of adding/removing eyeglasses in perceived female/male
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classes, as shown in the top-left corner of Fig. B.4. The rest of the figure shows more

synthetic data in both classes augmented by our pipeline, i.e. males without eyeglasses

and females with eyeglasses.

B.7.2 DomainNet Domain Adaptation

This section presents more visual examples of our DomainNet synthetic data used

in Sec. 3.4.3. Figs. B.5 to B.7 display more of our generation from Real domain to

Painting, Sketch, and Infograph domains. These data were used to improve classifi-

cation model performance in our evaluations. Along with the reference target image

on the left-most column, these figures demonstrate the quality and usefulness of our

synthetic data.

B.7.3 FMoW Domain Adaptation

To extend the examples of synthetic FMoW data in Fig. 3.5, more samples are shown

in Fig. B.8. As described in Sec. 3.4.3, we generate recent satellite images from

an older period. Fig. B.8 lists 10 categories of land use and our generated data in

each category. The figure illustrates our capability to generate high-quality satellite

images.

B.7.4 GTA → CityScapes Segmentation

This section shows more generated data used in Sec. 3.4.3. The original training

set is the GTA5 dataset and the target domain contains realistic driving scenes in

CityScapes. Fig. B.9 shows more synthetic examples from DoGE. Since the segmenta-

tion map is available, we also show the control maps leveraged during the generation

with ControlNet enabled. As the figure shows, the generated image is able to maintain

the same image structure honoring the edge and segmentation mask constraints.
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Figure B.4: More synthetic examples from the CelebA subpopulation shift
experiment. On the top-left, we show the (a) source and (b) target distribution as
defined in our experiment setup. The rest of images (c) are synthetic data generated
from DoGE. These examples illustrate our capability of capturing and applying se-
mantic distribution gaps.
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Figure B.5: More synthetic examples from the DomainNet Real → Painting
generation. We list more synthetic data generated in our Real→Painting UDA
experiment in Sec. 3.4.3. We randomly select and show 20 classes from DomainNet.
For each class, we present one image from the DomainNet Painting domain as a
reference and four of our generations. These examples demonstrate our generation
quality and capability to effectively augment real images into the Painting domain.
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Figure B.6: More synthetic examples from the DomainNet Real → Sketch
generation. We list more synthetic data generated in our Real→Sketch UDA exper-
iment in Sec. 3.4.3. We randomly select and show 20 classes from DomainNet. For
each class, we present one image from the DomainNet Sketch domain as a reference
and four of our generations. These examples demonstrate our generation quality and
capability to effectively augment real images into the Sketch domain.
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Figure B.7: More synthetic examples from the DomainNet Real → Info-
graph generation. We list more synthetic data generated in our Real→Infograph
UDA experiment in Sec. 3.4.3. We randomly select and show 20 classes from Domain-
Net. For each class, we present one image from the DomainNet Infograph domain as
a reference and four of our generations. These examples demonstrate our generation
quality and capability to effectively augment real images into the Infograph domain.
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Figure B.8: More synthetic examples from the FMoW domain adaptation
experiment. Following our experiment setup, we augment satellite images from
relatively older periods into more recent times. We randomly select and present 10
classes of land use. For each class (row), the leftmost column shows randomly selected
references from the target domain; the remaining nine images are our synthetic data.
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(b) Edge (c) Seg Map(a) Source (d) Generation(b) Edge (c) Seg Map(a) Source (d) Generation

Figure B.9: More synthetic examples from the GTA5 → CityScapes seg-
mentation experiment. Given the (a) source data from GTA5, we extract (b) the
corresponding edge map. Together with the provided (c) segmentation map, DoGE
generated (d) synthetic images that are closer to the CityScapes data distribution.
These examples showcase our generation capability for complex scenes.
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