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Abstract

This thesis investigates the adaptation of the CLIP text encoder for use in conditional
diffusion models to address challenges related to semantic editing and debiasing. We ex-
plore the effectiveness of low-rank adaptations in enhancing the control over semantic
attributes of generated images while simultaneously reducing inherent biases. The study
utilizes various disentanglement strategies and introduces modifications to the text en-
coder to evaluate the potential for mitigating biases related to gender and ethnicity. Our
findings indicate that fine-tuning the text encoder with targeted adaptations can signifi-
cantly improve semantic control’s precision and debiasing effectiveness. This work con-
tributes to the development of more fair and controllable generative models in the field of

image synthesis.

Keywords: Semantic Editing, Debiasing, Image Generative, LoORA
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Chapter 1 Introduction

With the recent emergence of text-to-image generative models, users can access tech-
nologies like Midjourney and DALL-E 3 [7], powered by OpenAl, through websites, or
use Stable Diffusion [&], which can be run locally on a user’ s GPU . More and more peo-
ple are now using them as an alternative tool to help them create graphic design materials
for advertisements and presentations. The advent of these new tools is expected to bring
higher productivity and profoundly affect our daily experiences. However, current text-
to-image generative models are not as perfect as imagined. Users might find that when
they try to make subtle modifications to an image by updating small parts of the prompt, it
also affects the parts they want to preserve or generate a completely different image. [10]
This leads to unpredictable results with each editing, thereby reducing user productivity.
Additionally, biases are commonly present in various pre-trained models, [3] which could

further reinforce societal stereotypes in all images produced by generative Al.

1.1 Research Objective and Questions

The rapid evolution of text-to-image generative models promises significant advance-
ments in digital content creation, poised to boost productivity and foster innovation across

various sectors. However, the current limitations of these models, including their unpre-
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dictability and inherent biases, highlight a critical need for improved control and fairness
in generated outputs. This work is motivated by the challenge of refining diffusion models
to enhance user control over text encoders to produce more reliable and unbiased images.
Our proposed enhancements seek to ensure their responsible application in society by ad-

dressing these technical and ethical issues.

1.2 Methodology Overview

In this work, we utilize LoRA, a parameter-efficient adaptation method for fine-
tuning large models, as our adaptation approach. We attempt to adjust only the Text
Encoder while maintaining the UNet configuration to validate our hypothesis that text
embeddings contain both subtly modifiable semantics and inherent stereotypes related to
gender and ethnic biases. This is achieved by updating in AW rather than directly ad-
justing the original pre-trained parameters W. This approach offers the following three
benefits: (1) It is only necessary to share a smaller portion of parameters, not the entire
model; (2) It allows for simultaneous adjustments of different aspects by pairing with mul-
tiple AW; (3) It provides a scalar « that enables the tuning of the strength or weakness of

a single concept during the inference phase.”
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Chapter 2 Related Works

2.1 Disentanglement in Image Generative Models

An image generative model is considered to have good disentanglement capability if
it meets two criteria [ 1 0]: (1) modifying the target concept does not affect other unrelated
features, and (2) the direction of modification for the same concept can be applied across
different images. Early research found that GAN-based methods *** possess strong dis-
entanglement capabilities, and can achieve concept modification and style conversion by
altering the direction of vectors during the generation process. These capabilities can also
be demonstrated mathematically, such as through Principal Component Analysis (PCA)
[5], which identifies directions orthogonal to other concepts, thereby effectively proving
the existence of disentanglement. However, such properties have not yet been discov-
ered in stable diffusion models. Previous works tried discovering the directions or latent

vectors for individual attributes in conditional diffusion models.

Previous work [10] have aimed to achieve partial modification of images by adjust-
ing the semantic concepts contained within the text descriptions. This is accomplished
by modifying the user’s prompt, which, after passing through the CLIP text encoder, pro-
duces an embedding, also referred to as a neutral concept. The goal of semantic editing

is achieved by either adding a target concept or reducing a negative concept within this
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vector. This modified vector then guides the synthetic processing in diffusion models.

2.2 Bias in Diffusion Models

Bias in generative models refers to systematic and unfair discrepancies in model out-
puts. These biases often reflect social and cultural prejudices embedded in the dataset.??
The biases in diffusion models can manifest in various forms, such as stereotyping or

underrepresenting specific demographics in generated images.

2.3 Guidance Based Methods

Guidance-based methods employ additional information to enable diffusion models
to produce results users desire more accurately. Classifier Guidance [2], for example,
utilizes a pre-trained classifier to direct the sampling process of the diffusion model. This
classifier delivers gradients that adjust the generation process to ensure the results conform
to the desired category. Conditional diffusion models generate results users anticipate by
incorporating supplementary information, such as ControlNet [ | | ] using text embeddings
and different types of images as additional information, to produce images under specific
conditions. Additional text conditioning variables are provided when training conditional
models like Stable Diffusion [9], These variables then guide the denoising process during

sampling, enhancing the model’ s ability to generate targeted outputs.
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2.4 Semantic Control

Brack et al. [1] introduce Semantic Guidance (SEGA), a novel approach that allows
interaction with concepts in diffusion models during image generation. In their work,
they manipulate concepts directly in the latent space by adding and subtracting semantic

vectors to regenerate images with adjusted semantic attributes.

5 doi:10.6342/NTU202403591
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Chapter 3 Background

3.1 Diffusion Models

Diffusion models are generative models that generate images by iterative denoising
an initially Gaussian random picture. These models operate through a forward and back-
ward process, often referred to as the diffusion and denoising processes, respectively. The
diffusion process gradually adds noise to the original image over a series of steps, trans-
forming it into a simple Gaussian noise distribution. Mathematically, this can be explained
as shown in Equation 3.1: let x( represent the initial image. The forward process then cre-
ates a sequence of noisy images x1, Ts, . . . , x7, where 7T’ is the final step and x7 is almost
a pure Gaussian noised image. Here, a; controls the variance of the noise added at each

step is controlled.

Ty = \/G,_tl'tfl + vV 1-— a€ (31)

The Denoising process, also known as the backward process, involves learning to
gradually remove the noise added during the forward process, conditioned on a text prompt,
to generate an image from a purely noisy image. Mathematically, as shown in Equation

3.2, the backward process is modeled as another Markov chain but in reverse, starting

7 doi:10.6342/NTU202403591



from a noisy image x and gradually removing predicted noise at each step, aiming to re-
construct . Here, C} represents the text conditioning information or the text embedding
encoded by the text encoder from a conditional prompt, and t represents the current time
step. The objective is to learn the reverse transitions that denoise the image step by step.
Our work maintains image generation capability by partially altering the text encoder to

guide the denoising process in a frozen U-Net.

T = 1y — €9y, 1, C) (3.2)

3.2 Low-Rank Adaptation

The Low-Rank Adaptation (LoRA) [6] method provides the ability to train a model
with relatively fewer parameters that the original model by decomposing the weights for
each targeted layer. Given a layer of a pre-trained model with weights W, € R™*" where
m and n are input and output dimensions, respectively. The LoRA method first selects a
small number » < min(m, n), and decomposes weights to be trained ATV as

AW = BA
(3.3)

where B € R™"and A € R™"

we can form a new weight during inference time by computing W = Wy + AW, and in
this work we can further manipulate a scale to enhance or suppress the effect of trained

weights by giving a variable « such that

W =Wy + aAW (3.4)

8 doi:10.6342/NTU202403591



Chapter 4 Method

Inspired by Gandikota et al. [4], they introduced Concept Sliders, a method for fine-
tuning LoRA on layers of UNet to guide concepts in generative process.As shown in Fig-
ure 4.1, we add our work adds LoRA onto the text encoder instead of UNet to significantly
reduce the training time and number of required parameters and achieve similar results.
Furthermore, we propose a method that trains LoRA to solve the bias issue in diffusion

models.

“a photo of a person”

L2

(W, +AW)(Cy) — e
Loss

“aold person” --=-----= >

FRd

“ayoung person” eeeeeeeeennendd
W, original weights
W (C))
‘ aw LoRA weights
Cy concept of
user inputed text
+ - ]
rl ( ) C, concept to
be enhanced
c concept to
) be suppressed

Figure 4.1: Our method demonstrates that fine-tuning LoRA makes it possible to main-
tain the concept of C; while strengthening C', and weakening the concepts contained in
C_. This method can be executed just once during the inference phase instead of three

times, and during training, it can also provide rich C'; and C_ pairs to achieve the goal of
disentanglement.
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4.1 Concepts Editing

Previous studies have demonstrated that adjusting the vector direction in latent space
can effectively influence the outcomes of the final images. Consequently, incorporating
this characteristic into the LoRA fine-tuning method enables users to modify images by
adjusting weights. Our method enhances disentanglement by learning from multiple con-

cept pairs

/
/ ,

Smile with other concepts A

Disentangled Direction

4¢——— Entangled Direction

Smile with other concepts B

Figure 4.2: This figure demonstrates the concept of entanglement in the latent space.
Green arrows represent disentangled directions, and red represents a direction contain-
ing other concepts. In this case, adjusting this direction may also alter other unexpected
concepts

As shown in Algorithm 1, to obtain the final trained concept LoORA weights ATV .
Firstly, we encode the ground truth embedding which is designed to strengthen the C',
concept that the user wants to enhance and weaken the C'_ concept that the user wants to
suppress, which is achieved by adding eta times the enhanced embedding to the current

neutral embedding and subtracting eta times the suppressed embedding. Subsequently the

10 doi:10.6342/NTU202403591



target embedding is calculated by adding AW to W, and using these combined weights to
encode the neural concept exclusively. We aim for the target embedding to approximate
the ground truth embedding closely. To achieve this, we utilize the L2 loss function to
quantify the discrepancy and update the weights of AW

Additionally, as shown in Figure 4.2, directly adjusting the direction of concepts may
inadvertently affect other unintended concepts. For example, selecting the direction of
’smile with concept A’ in the figure may alter the ethnic features of a person while adjusting
the smile, and choosing ’smile with concepts B’ might adjust the person’s age. Therefore,
by selecting ground truth, we can find a disentangled direction that exclusively alters the

concept the user intended in image editing by using more concept pairings.

Algorithm 1 Update Text Encoder

INPUT :
Pre-trained SD weights 1/,
(Cy, C,C) : (target concepts, enhancing concepts, suppressing concepts) pairs
OUTPUT :
Concept LoRA weights AW
for epochin 1..N do
(¢t, ¢y, c—) < randomly selected a pair from (Cy, Cy, C_)
Embedgrouna = (Wo)(ce) - n( (Wo)(eq) - (Wo)(c-) )
Embedtarget = (WO + AVV)(CSS)
loss = L2_loss(E'mbed g ound, Embedqrget)
AW <« update weights(loss)
end for

4.2 Debiasing

This work aims to mitigate the biases inherent in the pre-trained text encoder through
this approach. Experiments in Section 5 reveal that in the original Stable Diffusion XL,
the input prompt ”a photo of a doctor” tends to generate images of males and lighter skin
tones, whereas the prompt ’a photo of a librarian” often results in females and lighter

skin tone. Thus, we suspect that these professions’ representations in the latent space

11 doi:10.6342/NTU202403591



carry strong gender and racial information or biases, causing the U-Net to produce spe-
cific gender and ethnic outcomes during the denoising step even without additional gender
or ethnic information. To avoid potential reverse unfairness due to excessive intervention,
we generate sample images during training to verify current gender ratios and ethnic dis-
tributions. Based on this information, we adjust 7) to ensure the appropriate strength and

direction of learning among various concepts.

4.2.1 Gender Fairness

Algorithm 2 Binary Concept Debias

INPUT :
pre-trained SD weights W,
binary classes C
(Cy, C,C) : (target concept, enhancing concept, suppressing concept)
OUTPUT :
debiased LoRA weights AW
while True do
images= generator(Wy, AW, p, nums = 20)
results = Binary Classifier(images, C)
if results[0] == results[1] then
break # Debiasing completely
else
if results[0] > results[1] then
_ results|1]
n=—(1- )

results|0]
else
_ results|0]
n= (1 B results[l})
end if
end if
AW = Update_Text Encoder(Wy, AW, n,Cy, Cy,C_)
end while

Algorithm 2 proposes a method using adaptation on the text encoder to eliminate
binary gender bias from the latent space, thus producing more equitable distributions in
images. This approach defines male-related concepts as C'; and female-related concepts

as C_ We aim to let stable diffusion models generate gender-balanced results in line with

12 doi:10.6342/NTU202403591



the user-inputted prompt related to a specific profession. Each epoch begins by sampling
20 images and classifying each as male or female to assess the current distribution ratio. If
the proportion of male representations in the images is lower than average, we enhance (',
and suppress C_, and vice versa. We constrain 1 within the range of -1 to 1 by adjusting

to 1 — smaller proportion < larger proportion.

4.2.2 Ethnic Fairness

Algorithm 3 General Concept Debias

INPUT :
pre-trained SD weights W,
multiple classes C
(Cy, C,C) : (target concept, enhancing concept, suppressing concept)
OUTPUT :
debiased LoRA weights AW
while True do
Generate 20 images images = generator(Wy, AW, p)
Classified results result = Binary Classifier(images, C)
if results[0] == results[1] then
# Debias complete.
break
else
if results[0] > results[1] then
n = _(1 _ results[l})

results|0]
else
o results|0]
= (1 B results[l})
end if
end if
AW = Update_Text Encoder(Wy, AW, n,Cy,Cy,C_)
end while

13 doi:10.6342/NTU202403591
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Chapter S Experiments

5.1 Concept Adjustment

In this section, we demonstrate how adjusting the weights of LoRA can steer the
outcome of image generation. Our experiments have shown that we can influence the
generation intensity of specific concepts by adjusting the scalar « to construct new weights
of text encoder by the equation W = W, + aAW. Furthermore, we have highlighted the
characteristics of disentanglement, enabling the simultaneous modification of the same

image using multiple LoRAs as represented by the equation W = Wy + >"" | a; AW,

5.1.1 Linearly Adjustable

As shown in Figure 5.1, our method successfully modifies the image without altering
unwanted details in the original image. After training on various concepts, we achieve the
effect of sliders by adjusting the weights of that LoORA. Providing larger values (more to
the right) produces more intense results while providing negative values (more to the left)

can suppress the generation of that concept in the image.

15 doi:10.6342/NTU202403591



Figure 5.1: This figure illustrates the results of implementing our LoRA-based text slid-
ers.From top to bottom row, they represent the concepts of smile, age and surprise respec-
tively, and from left to right, they represent the strength of these concepts. The picture
in the middle represents the original image, It can be seen that under different concepts,
adjusting the strength of the values can influence the outcome of the image

5.1.2 Multiple Concepts Adjustable

As shown in Figure 5.2 our method can also be implemented simultaneously, and
here we provide some examples to demonstrate. Horizontal and vertical axes represent
different concepts. Since we have found disentangled directions, unrelated concepts do

not affect each other in image editing.

5.1.3 Parameter Efficiency

Our work demonstrates improved parameter efficiency compared to the Concept

Slider. As shown in Table 5.2, the Concept Sliders method involves adding LoRA to

16 doi:10.6342/NTU202403591



Figure 5.2: This figure demonstrates that we can adjust different concepts simultaneously.
The horizontal direction shows the degree of age adjustment, while the vertical direction
displays the adjustment of the smile.

Benchmark Concept Sliders [4] Ours
Number of training Layers | 346 88
Training time 1 hr 50 mins - 2 hrs ~ 2 mins
Weights size 9.1IMB 1.7MB

Table 5.1: A comparison of Concept Sliders and Our Work across benchmarks shows that
our approach reduces the training time by a factor of 60 and requires only about 18% of
the space to save parameters.

UNet and requires learning the noise individually for each denoising step. In my method,
adjustments are made only to the text encoder, which uses fewer parameters and layers.

Moreover, it eliminates the need for different adjustments at each denoising step, thus

reducing the computational complexity by 50 times per epoch

5.2 Debiasing

This section demonstrates the result of implementing trained LoRA weights to pro-

mote gender equality and ethnic diversity. We generate 250 images for each profession to

17 doi:10.6342/NTU202403591



compare the original Stable Diffusion XL model with the modified model incorporating

LoRA weights.

5.2.1 Gender Equality

Figure 5.3 and Figure 5.4 4 show the results between the original and modified mod-

els. Our method can successfully generate more equally distributed results.

Doctor Original SD

Ours

Figure 5.3: This figure compares the original stable diffusion model and the results af-
ter our debiasing adaptation. Initially, the proportion of males decreased from 97.2% to
54.4%.

Librarian Original SD

Ours

Figure 5.4: This figure compares the original stable diffusion model and the results after
our debiasing adaptation. Initially, the proportion of females decreased from 82% to 52%.

18 doi:10.6342/NTU202403591



5.2.2 Ethnic Diversity

Figure 5.5 shows the result between the original model and the modified one. Be-
cause there is no universally agreed-upon method for categorizing race, to avoid generat-

ing subjective classification biases, we only present results that demonstrate diversity.

5.2.3 Training Cost

Doctor Original SD
" - e

Ours

Figure 5.5: This figure compares the original stable diffusion model and the results after
our debiasing adaptation, where the original single ethnicity has become more diverse.

Benchmark Concept Sliders [4] Ours
Training time 1 hr 50 mins - 2 hrs 30 - 90 mins
Table 5.2: Comparison of Concept Sliders and Our Work for debiasing method across
benchmarks. The training time varies due to different sampling frequencies, however our
approach remains faster than Concept Sliders.

19 doi:10.6342/NTU202403591
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Chapter 6 Conclusion and Discussion

6.1 Conclusion

In our work, we successfully addressed the two practical application scenarios ini-
tially set by adding adaptation to the text encoder. In the first use case, image editing,
we demonstrated the ability to increase or reduce designated concepts through methods
of enhancement and weakening. Thanks to the disentanglement capability, we can adjust
various concepts to different degrees simultaneously, giving users more control over im-
age generation. Concerning bias elimination, we discovered that occupational terms in
the text encoder exhibit inherent gender and ethnic distribution imbalances. Our experi-
ments demonstrate that the proposed learning methods can effectively reduce these biases,

producing more equitable and diverse outcomes.

6.2 Discussion

Although we attempted to resolve the entanglement issues between different con-
cepts using many sets of prompt pairs, our method can effectively modify concepts but
still cannot achieve completely non-interfering results. Additionally, in the part of debi-

asing, modifications to address ethnic issues tend to be more drastic compared to gender

21 doi:10.6342/NTU202403591



modifications. We suspect this may be due to the difficulty of expressing ethnicity as
clearly as binary gender using text alone, as ethnic concepts might inherently entangle
multiple concepts (for example, pupil eye color, hair types, and different aesthetic prefer-
ences). Therefore, as shown in the Figure 6.1 , while maintaining the same gender, it is
possible to retain more original features. However, under the same ethnicity, there have
been noticeable changes towards darker glasses, pupils, and hair under the same ethnicity.

Thus, attempting to eliminate bias solely through text remains a challenging task.

Debiasing in Gender Debiasing in Gender Debiasing in Ethnic

Figure 6.1: This figure shows that debiasing for gender preserves more original image
features, while debiasing for ethnicity alters more, even though it maintains the same eth-
nic group

6.3 Future Work

We have initially demonstrated that partially modifying the text encoder has the po-
tential to address the issues presented in diffusion models. As discussed above, the related
problems still need to be resolved. Therefore, in the future, we plan to continue to delve
deeper to solve the entanglement issue in the latent space. Thanks to the low cost of train-
ing in our proposed method, multiple different concepts can be trained simultaneously in

feasible training time. During the training process, their cosine similarity is calculated
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to ensure that the vectors between them are orthogonal, potentially finding the proper
direction of modification. In terms of optimizing ethnic classification, future efforts will
attempt to incorporate a visual question-answering model to capture more detailed appear-

ance descriptions and verify whether more precise debiasing results can be improved.
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