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Abstract

This paper explores a novel lightweight approach LightFair to achieve fair text-
to-image diffusion models (T2I DMs) by addressing the adverse effects of the text
encoder. Most existing methods either couple different parts of the diffusion model
for full-parameter training or rely on auxiliary networks for correction. They incur
heavy training or sampling burden and unsatisfactory performance. Since T2I DMs
consist of multiple components, with the text encoder being the most fine-tunable
and front-end module, this paper focuses on mitigating bias by fine-tuning text
embeddings. To validate feasibility, we observe that the text encoder’s neutral
embedding output shows substantial skewness across image embeddings of various
attributes in the CLIP space. More importantly, the noise prediction network
further amplifies this imbalance. To finetune the text embedding, we propose
a collaborative distance-constrained debiasing strategy that balances embedding
distances to improve fairness without auxiliary references. However, mitigating
bias can compromise the original generation quality. To address this, we introduce
a two-stage text-guided sampling strategy to limit when the debiased text encoder
intervenes. Extensive experiments demonstrate that LightFair is effective and
efficient. Notably, on Stable Diffusion v1.5, our method achieves SOTA debiasing
at just 1/4 of the training burden, with virtually no increase in sampling burden.
The code is available at https://github.com/boyuh/LightFair.

1 Introduction

Recently, with the rapid progress of machine learning [108, 5, 101, 104, 103] and computer vision [54,
33, 32, 96, 93], text-to-image (T2I) diffusion models [38, 9, 44], such as Stable Diffusion (SD) [78],
have gained widespread attention. These models effectively combine text-based inputs with image
generation, delivering remarkable performance across a broad range of applications [86, 55, 17, 11,
49]. However, research [13, 82, 92] has revealed that these models often produce biased content
regarding various demographic factors, say gender, race, and age. Such biases pose significant
societal risks, particularly when these models are deployed in real-world scenarios [10, 13, 62, 112].

Many efforts have been made to mitigate attribute bias, which can generally be divided into two
camps. The first camp [84, 27] involves retraining or fine-tuning diffusion models to adjust the
generated distribution. However, most of them rely on a strategy that couples different parts of the
diffusion model for full-parameter training. It leads to highly complex gradient chains [84], resulting
in a significant computational burden, as shown by the solid-lined method in Fig. 1. Moreover,
tuning a large number of parameters may lead to excessive debiasing, which lowers generation quality.
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The second camp [24, 15, 45] uses post-processing methods during inference, relying on external
reference information or auxiliary networks to address attribute bias. The use of third-party models
increases sampling time and reduces generation efficiency, as shown by the dashed-lined methods
in Fig. 1. Furthermore, hidden biases in these third-party models often prevent these methods from
ensuring complete fairness. Hence, a natural question arises: Can we develop a lightweight alternative
to resolve attribute bias effectively?

Figure 1: Overview of the complexity and effectiveness
of different methods. Complexity metrics include spatial
complexity during training (SC), time complexity during
training (TC_Train), and time complexity during sampling
(TC_Sample). Effectiveness metrics include Bias-O and
Bias-Q for measuring generative bias, and CLIP-T for evalu-
ating generation quality. Lower-is-better metrics are negated
for consistent comparison. See Sec. I.15 for detailed results.

In search of an answer, this paper ex-
plores a novel approach LightFair
to achieve lightweight debiasing by
refining the pre-trained text encoder.
Specifically, we argue that the text em-
bedding in T2I DMs inherently carries
biases, which lead to biased generated
images. To this end, we empirically
demonstrate that an unfair T2I DM
exhibits a skewed or imbalanced em-
bedding distribution between neutral
text and various image attributes in
the CLIP space, where the extent of
bias is reflected in the distances be-
tween these embeddings. Most impor-
tantly, we reveal that the bias intro-
duced by the text encoder can be fur-
ther amplified during the recurrent
denoising prediction steps, underscor-
ing the critical need to directly debias
the text encoder.

Next, to ensure efficient inference, we perform LoRA [41] fine-tuning on the text encoder to mitigate
bias without relying on auxiliary networks. However, achieving fairness requires aligning the
attribute distribution of generated images with a fair distribution, but the former is often difficult
to obtain. Based on our findings, we demonstrate that equalizing distances within the embedding
space can implicitly achieve equalized distributions (Thm. 4.1). Motivated by this, we propose a
collaborative distance-constrained debiasing strategy, which comprises two key components. 1) it
enforces constraints on the distances between text embeddings and the semantic centers of different
attributes, promoting both equalized odds and equalized quality. 2) since we use image embeddings to
approximate the semantic centers of various attributes, we introduce an adaptive foreground extraction
strategy to minimize the influence of background features. As shown in Fig. 1, our LightFair
achieves lower time and space complexity, ensuring lightweight debiasing.

Taking a step further, we observe that debiasing may inevitably harm the model’s generation qual-
ity [84, 51]. To mitigate this impact, it is crucial to find the optimal intervention time for the debiased
text encoder. To that end, we conduct a fine-grained analysis of the diffusion model’s generation
process [72, 60]. The results reveal that low-frequency information (attribute-independent) emerges
during early denoising stages, while high-frequency information (attribute-dependent) appears in
later stages (Thm. 4.2). In light of this, we propose a two-stage text-guided sampling strategy, where
the debiased text encoder is applied only in the later sampling stages. This approach balances bias
mitigation and image quality preservation. Finally, comprehensive empirical studies consistently
speak to the efficacy of our proposed method.

Our main contributions are summarized as follows:

• This paper shows the adverse effects of the text encoder on fairness in text-to-image diffusion
models. To our knowledge, this issue remains underexplored within the fairness community.

• We propose a lightweight fine-tuning method LightFair to achieve fair diffusion models. It
employs a collaborative distance-constrained debiasing strategy to maintain both equalized odds
and equalized quality. It also incorporates a two-stage text-guided sampling strategy that mitigates
its impact on image generation quality.

• Comprehensive empirical results across two versions of SD, four attributes, and diverse prompts
demonstrate the effectiveness and lightweight nature of our proposed method in addressing bias.
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2 Related Work

Text-to-image Generative Methods. The �elds of machine learning [85, 7, 6, 18, 95, 102]
and computer vision [2, 3, 4, 42, 43, 58, 61] have undergone a paradigm shift from understand-
ing [66, 64, 63, 97, 56, 25] to generative models [38, 78, 31, 110]. Among these, T2I generative
modeling has emerged as a key research direction. T2I generation methods are mainly divided into
three categories based on their probabilistic modeling approach: autoregressive models [76, 106, 109],
generative adversarial networks [30, 47, 48, 71], and diffusion models [38, 78, 9, 21]. In recent years,
diffusion models have advanced signi�cantly, offering greater stability, scalability, and higher image
quality. Denoising Diffusion Probabilistic Models (DDPM) [38] generate images unconditionally
through a straightforward, iterative denoising process. Stable Diffusion [78], an extension of DDPM,
incorporates text guidance to produce high-resolution images. Additionally, diffusion-based architec-
tures have been successfully applied to various tasks, including style-transfer [73, 111, 74, 16], scene
generation [11, 98, 87, 100, 28, 53], and image-editing [67, 17, 29, 50, 57], achieving notable results.

Bias in Diffusion Models and Mitigation Methods. Diffusion models are highly data-driven and
prone to inheriting and amplifying imbalances and biases [10, 13, 62, 88, 112] present in large-scale
datasets [81]. [13, 82, 92] observe that, when no attribute prompts are provided, Stable Diffusion
exhibits attribute biases along social dimensions such as gender and race. [24] guides fair generation
by introducing random attribute text prompts. [15, 45] perform text prompt corrections in the latent
space. [84] modi�es model parameters through �ne-tuning on balanced data. [27] conducts concept
editing by updating the model's cross-attention layers. [70, 51, 91, 39] introduce an auxiliary network
to help the model eliminate bias. However, these methods often treat the diffusion model as an
end-to-end system, overlooking the unique roles of its individual components. Such untargeted
�ne-tuning may lead to over-debiasing and a decline in generation quality. Moreover, many of
these approaches depend on external reference information or auxiliary networks to address attribute
bias. The fairness and performance of these third-party models are dif�cult to guarantee, making
it challenging to achieve a truly fair diffusion model. Most importantly, these methods impose
signi�cant computational burdens during training or sampling. To address these issues, this paper
proposes a debiasing method focused on the text encoder. The method features a lightweight design,
eliminates the need for auxiliary networks, and offers a targeted approach to mitigate bias.

3 Preliminaries

In this section, we brie�y introduce the diffusion model and the fair diffusion model.

Diffusion Model. The diffusion model [38] consists of two processes: a forward noising process and
a reverse denoising process. In the forward process, samplesx0 � q(x) drawn from a given data
distribution are progressively corrupted with Gaussian noise, eventually degrading into pure Gaussian
noise over T time steps. It is de�ned as:

q(xt jx 0) = N (x t ;
p

�� t x0; (1 � �� t )I); (1)

where� t =
Q t

i=1 � i and� t 2 (0; 1) is a hyperparameter controlling the noise level. In the backward
process, a neural network parameterized by� predicts the noise added at each time step during the
forward process, recoveringxT back to the original data distributionx0. The denoising process is
modeled as:

p� (x t�1 jx t ) = N (x t�1 ; � � (x t ; t); � 2
t I); (2)

Here, � � (x t ; t) = 1p
� t

(x t � � tp
1� �� t

� � (x t ; t)) is parameterized by the noise prediction network

� � (x t ; t), � t = 1 � � t , and �2
t is typically chosen as either �2

t = � t or � 2
t = 1� �� t�1

1� �� t
� t .

Stable Diffusion. The Stable Diffusion [78] is a classic text-to-image diffusion model. It additionally
provides a promptP to guide the diffusion model in generating images. Speci�cally, it employs a
noise prediction network (typically a U-Net) in the latent space while utilizing a text encoder (usually
CLIP) to encodeP, thereby providing textual guidance. For latent diffusion models, an image encoder
ge maps the training imagex0 to its latent space representationz0 = g e(x 0). The image decoder
gd maps the denoisedz0 from the generation process back to the image space asx0 = g d(z0). For
the text encoder, it encodes the textual promptP usingf t , which is then incorporated into the noise
prediction network �� (f t (P ); z t ; t).
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Figure 2: (a)-(b) T-SNE visualization of original and debiased `CEO'/` Nurse' text embeddings
alongside male and female image embeddings. (c) Visualization of distance differences (DText-Image)
and generated image bias across80 occupations. (d) Visualization of original/our debiased text
embedding distance differences (DText) and image embedding distance differences (DImage).

Fair Diffusion Model. Following the notations in [51, 70, 91], the textual promptP = prompt(a; c)
is typically composed ofa, an attribute word from the setA, and c, a main word from the
setC. For example,prompt(`female'; `doctor') represents “Photo portrait of a female
doctor ". We denote textual prompts without an attribute word asprompt(�; c) , for instance,
prompt(�; `doctor') = \Photo portrait of a doctor" . Currently, fair diffusion models have
two goals:

Goal 1: Equalized Odds encourages equal generation frequency for images with different attributes
when given an unspeci�ed attribute prompt prompt(�; c), expressed as:

P(ai jprompt(�; c)) = P(a j jprompt(�; c)); 8a i ; aj 2 A: (3)

This probability is typically computed using an additional attribute classi�er h(�).

Goal 2: Equalized Quality promotes equal image quality for different attribute images, expressed
as:

Q(prompt(a i ; c)) = Q(prompt(a j ; c)); 8ai ; aj 2 A; (4)
whereQ(prompt(a i ; c)) represents the quality score of the images generated usingprompt(a i ; c).
The quality score is typically measured using metrics such as CLIP [75] or DINO [68].

4 LightFair

In this section, we explore achieving a fair diffusion model through lightweight �ne-tuning. We �rst
identify the text encoder as a key structure contributing to bias (Sec. 4.1) and propose the collaborative
distance-constrained debiasing strategy to address it without auxiliary networks (Sec. 4.2). We then
analyze the diffusion process to determine the optimal timing for applying the debiased text encoder,
mitigating its impact on performance (Sec. 4.3). Following the setup in [70, 84, 15, 27, 51], this
paper focuses on addressing attribute bias in Stable Diffusion [78] and uses the example of gender
bias in occupations to illustrate the discussion. A table of symbol de�nitions is provided in Sec. A.

4.1 A Closer Look at the Pre-trained Text Encoder

Stable Diffusion employs a pre-trained text encoder (e.g., CLIP) to encode textual inputs, which then
guide the noise prediction network (e.g., U-Net). The noise prediction network usually has more
parameters than the text encoder (details are provided in Sec. B). Thus, we aim to investigate
whether �ne-tuning the text encoder can correct biases, which is lightweight and underexplored.

To investigate the bias within the text encoder, we propose two progressive research questions. (RQ
1) How can we measure bias within the text embeddings? Existing methods for assessing bias in SD
typically rely on performing attribute classi�cation on generated images. However, the text encoder
outputs embeddings, making it challenging to directly quantify the bias. (RQ 2) Does the bias in the
text encoder affect the output of the subsequent noise prediction network?

To address (RQ 1), we investigate the relationship between distance and bias within the text-image
semantic space aligned by CLIP. First, we conduct a simple empirical experiment as an initial
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Figure 3: An overview of ourLightFair . a) We �rst perform adaptive foreground extraction on
images with different attributes. b) Then, the foreground images are encoded by an image encoder to
obtain the centroid for each attribute. c) Lightweight fair �ne-tuning is conducted using collaborative
distance constraints. d) A two-stage text-guided sampling strategy ensures generation quality.

exploration. It is widely acknowledged that SD tends to generate male images for the promptCEO'
and female images for the promptNurse' [ 24]. In the experiment, we �nd that the text embedding
for CEO' is closer to the centroid of male images, while the embedding forNurse' is closer to the
centroid of female images, as shown in Fig. 2(a) and (b). Next, we quantify the relationship between
this embedding distance and the bias in generated images. Speci�cally, we calculate the distance
difference between the text embeddings of80occupations (details are provided in Sec. C) and the
semantic centroids for male' (�) and female' (�):

DText-Image=
�
�s

�
embT

c (�); E[embI
c (�)]

�
� s

�
embT

c (�); E[embI
c (�)]

� �
� ; (5)

wheres(a; b) represents the cosine distance betweena andb. embT
c (�) andembI

c (�) are shorthand
notations forf t (prompt(�; c)) andf i (M(prompt(�; c))) , respectively.M(prompt(�)) denotes the
images generated usingprompt(�) . f t (�) andf i (�) refer to the encoding operations performed by the
CLIP text and image encoders. Additionally, we use these text embeddings to generate500images
for each occupation and measure the gender bias in the images (details are provided in Sec. H.1,
Bias-Odds). The results, shown in Fig. 2(c), indicate a clear trend: greater distance differences
correspond to stronger gender bias in the generated images. Therefore, distance is a good measure
to re�ect bias in text embeddings.

To answer (RQ 2), we investigate how the bias in text embeddings changes after passing through the
noise prediction network. Following the conclusion from (RQ 1), we use distance as a measure of
bias. Speci�cally, we use six occupations as the main wordc for image generation. We then calculate
the bias in the text embeddings from the text encoder (DText) and image embeddings of the output
from the noise prediction network (DImage), as follows:

DText =
�
�s

�
embT

c (�); embT
c (�)

�
� s

�
embT

c (�); embT
c (�)

� �
� ; (6)

DImage =
�
�s

�
E[embI

c (�)]; E[embI
c (�)]

�
� s

�
E[embI

c (�)]; E[embI
c (�)]

� �
� : (7)

We plotDText andDImage in Fig. 2(d). The results show that the text encoder introduces bias into the
model, and the noise prediction network further ampli�es this bias during image generation. Our
debiased text encoder produces text embeddings with less bias, leading to images with less bias.
Therefore, we can get the following insight:

Insight.1. The text encoder is one of the key yet overlooked structures contributing to attribute bias
in Stable Diffusion.

Remark 1. The noise prediction network is not entirely independent of the text encoder, as encoded
textual inputs directly in�uence the denoising process. It is acknowledged that when there is no bias
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in the text embeddings (e.g., for speci�ed attributes), the noise prediction network exhibits minimal
bias. This connection suggests that biases in the text encoder can propagate to the noise prediction
network and be further ampli�ed during training, underscoring the importance of analyzing and
mitigating biases in the text encoder. Meanwhile, since the text encoder is trained independently of
the noise prediction network, �ne-tuning the text encoder separately is a feasible solution.

4.2 Collaborative Distance-constrained Debiasing Strategy

We perform lightweight �ne-tuning of the text encoder using a collaborative distance-constrained
debiasing strategy to eliminate bias. A brief overview is provided in Fig. 3(a)-(c).

4.2.1 Debiasing Through Distance Constraints

To achieve equalized odds, we aim to generate images with equal probabilities for each attribute.
However, it is challenging to obtain the probability distribution of generated images. To facilitate
optimization, we theoretically explore the equivalence between Equalized Odds and Equalized
Distance in Thm. 4.1.
Theorem 4.1. Under Thm. D.1, D.2 and D.3, for any attributesai ; aj 2 A , achieving Equalized
Odds P(ai jP (�; c)) = P(a j jP (�; c)) is equivalent to ensuring Equalized Distance:




 f (a i ; c) � f t � P (�; c)

� 


 2

=



 f (a j ; c) � f t � P (�; c)

� 


 2

; (8)

wheref (a i ; c) represents the encoding of the conceptsai andc, f t (�) denotes the encoding performed
by the CLIP text encoder and P(�) is shorthand for prompt(�).

The proof is deferred to Sec. D. Since the imageM(P (a; c)) generated by the promptP (a; c) can
serve as the encoding for the conceptsa andc, we approximatef (a; c) by using the semantic center
of multiple image embeddingsE

�
embI

c (a)
�
, as shown in Fig. 3(b). Ultimately, we can correct the

bias by shifting the text embedding to a position where its distance from the embedding center of
each attribute image is equal. The loss function can be expressed as:

`o =

vu
u
t 1

jAj

jAjX

i=1

h
s
�

embT
c (�); E

�
embI

c (ai )
� �

� s
i 2

; (9)

wheres = 1
jAj

P jAj
i=1 s

�
embT

c (�); E
�
embI

c (ai )
� �

, ands(a; b) represents the cosine distance between
a and b.

To ensure equalized quality, we aim to generate images that share the same CLIP score for each

attribute. We compute the CLIP score of a single image ass
�

embT
c (a); embI

c (a)
�

. To �nd the
quality distribution, we calculate the CLIP score for each generated image. This computation can be
simpli�ed by using the average image embedding for each attribute. Speci�cally, we set a constraint
so that the distance between the image embedding center of each attribute and its corresponding text
embedding is equal.

`q =

vu
u
t 1

jAj

jAjX

i=1

h
s
�

embT
c (ai )

�
; E

�
embI

c (ai )
� �

� s0
i 2

; (10)

wheres0 = 1
jAj

P jAj
i=1 s

�
embT

c (ai )
�
; E

�
embI

c (ai )
� �

.

We introduce an additional regularization term to constrain the text embeddings from deviating too
far from the image embedding center.

` reg = 1 � s
�

embT
c (�); E i2[1;jAj]

�
E

�
embI

c (ai )
�� �

; (11)

where Ei2[1;jAj]
�
E

�
embI

c (ai )
��

represents the centroid of all attribute image embeddings.

During �ne-tuning, the loss function is constructed by jointly using Equ. (9), Equ. (10), and Equ. (11):

` = ` o + � 1`q + � 2` reg ; (12)
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where� 1 and� 2 are hyperparameters. The entire process does not require additional auxiliary
networks or the computation of complex gradient chains, ensuring lightweight �ne-tuning.

4.2.2 Adaptive Foreground Extraction

Figure 4: The �rst row includes images generated
by SD using designed templates. The second row
shows the visualization of the generated images
after highlighting the main content.

When using image embeddings to represent
semantic centers, we notice that the back-
ground of the image may introduce distrac-
tions. As shown in Fig. 4, in the case of
the prompt “Photo portrait of a white
receptionist”, the generated image includes
elements like desk and door. To address this
issue, we use text guidance to highlight the pix-
els corresponding to the main word in the im-
age. Speci�cally, it is achieved using a cross-
attention layer:

embI
c

0(ai ) = Softmax(
QK T
p

d
)V; (13)

whereQ = embI
c (ai ), K = V = emb T

c (ai ) are
the query, key, value matrices of the attention
operation,d is the embedding dimension ofK . The highlighted image replaces the original image
as input to the image encoder, as shown in Fig. 3(a). By using the highlighted image, the model
can better focus on the target concept while reducing the in�uence of background information. As
illustrated in Fig. 4, the phrase “white receptionist ” directs the model's attention to the person,
distinguishing her from the surrounding environment. In Sec. 5.3, we present additional experiments
to demonstrate the effectiveness of this module.

4.3 Two-Stage Text-Guided Sampling Strategy

Although we aim to minimize the impact of debiasing on the model's generative performance by
using multiple constraints, there is no free lunch. Fine-tuning inevitably affects the model's output
quality. To mitigate this, we apply �ne-tuned guidance only at critical times during the generation
process rather than entirely replacing the original text encoder. This approach requires a detailed
analysis of the diffusion model's generation process [52, 77, 8].

First, we identify frequency signal patterns in the diffusion denoising process:

Proposition 4.2. The recovery rate of low-frequency signals during the diffusion denoising process
is higher than that of high-frequency signals.

Figure 5: Results of low-pass and high-pass �l-
tering applied during the denoising process with
text guidance form̀ale doctor ' (top two rows)
and f̀emale doctor ' (bottom two rows). Each
pair shows low-pass �ltered images on top and
high-pass �ltered images below. For clarity, some
images are enlarged and highlighted on both sides.
More images are provided in Sec. F.

The proof is deferred to Sec. E. The main word
c can be considered as low-frequency informa-
tion because it describes macroscopic features,
while the attributea represents high-frequency
information because it focuses on detailed fea-
tures. Consequently, Thm. 4.2 indicates that
attribute information always emerges during the
later stages of denoising.

As shown in Fig. 5, we visualize the process
of progressive denoising from Gaussian noise
(t = T ) to a clear image of ad̀octor ' ( t = 0 ).
It can be observed that low-frequency informa-
tion emerges in the early stages of denoising,
with the concept of d̀octor ' gradually tak-
ing shape, while high-frequency information
remains obscured by noise. At0:7T, gender
attributes are almost indistinguishable. Only in the later stages of denoising do gender-related at-
tributes, such as hair and facial features, gradually appear. This con�rms the correctness of Thm. 4.2.
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Table 1: Selected representative quantitative results on gender and race attributes. The champion and
the runner-up are highlighted in bold and underline. Complete results are provided in Tab. 6 and 7.

Method

Gender Race

Fairness Quality Fairness Quality
Bias-O # Bias-Q # CLIP-T " CLIP-I " FID # IS " AS-R " AS-A # Bias-O # Bias-Q # CLIP-T " CLIP-I " FID # IS " AS-R " AS-A #

Stable Diffusion v1.5

SD [78] 0.73(±0.05) 1.90(±0.67) 29.31(±0.06) - 275.13(±6.75) 1.26(±0.03) 4.78(±0.08) 2.65(±0.04) 0.54(±0.02) 1.60(±0.67) 29.31(±0.06) - 275.13(±6.75) 1.26(±0.03) 4.78(±0.08) 2.65(±0.04)
FairD [24] 0.79(±0.04) 3.25(±1.15) 28.79(±0.11) 75.91(±0.56) 269.62(±4.42) 1.30(±0.03) 4.57(±0.09) 2.82(±0.05) 0.50(±0.02) 1.50(±0.38) 28.95(±0.10) 74.33(±0.68) 262.72(±4.84) 1.28(±0.03) 4.55(±0.08) 2.83(±0.06)
UCE [27] 0.78(±0.07) 1.79(±0.46) 28.91(±0.13) 82.72(±0.81) 273.95(±5.53) 1.26(±0.03) 4.71(±0.09) 2.64(±0.04) 0.44(±0.03) 1.40(±0.24) 29.13(±0.14) 90.15(±0.70) 281.16(±5.18) 1.26(±0.02) 4.76(±0.08) 2.69(±0.05)

FinetuneFD [84] 0.38(±0.07) 2.31(±0.35) 29.34(±0.13) 76.17(±0.68) 278.21(±7.53) 1.24(±0.02) 4.38(±0.06) 2.86(±0.04) 0.20(±0.03) 1.41(±0.23) 29.02(±0.15) 74.57(±0.53) 270.09(±5.99) 1.26(±0.02) 4.33(±0.06) 2.87(±0.05)
FairMapping [51] 0.46(±0.05) 2.16(±0.72) 29.30(±0.16) 76.00(±0.66) 278.81(±5.84) 1.26(±0.02) 4.34(±0.07) 2.90(±0.03) 0.34(±0.02) 1.75(±0.47) 29.29(±0.15) 76.54(±0.71) 280.95(±5.02) 1.26(±0.03) 4.53(±0.08) 2.80(±0.05)
BalancingAct [70] 0.41(±0.05) 1.70(±0.55) 29.30(±0.11) 77.37(±0.64) 272.08(±5.16) 1.28(±0.02) 4.71(±0.06) 2.68(±0.04) 0.34(±0.02) 1.13(±0.36) 29.34(±0.11) 77.44(±0.72) 271.91(±5.35) 1.29(±0.03) 4.72(±0.10) 2.66(±0.04)
LightFair (Ours) 0.30(±0.08) 0.99(±0.55) 30.57(±0.16) 80.09(±0.76) 233.53(±5.50) 1.30(±0.03) 4.79(±0.08) 2.60(±0.04) 0.18(±0.04) 1.06(±0.43) 31.34(±0.20) 86.31(±0.70) 259.96(±7.75) 1.33(±0.03) 4.80(±0.10) 2.55(±0.04)

Stable Diffusion v2.1

SD [78] 0.85(±0.05) 1.84(±0.63) 29.90(±0.15) - 259.36(±4.81) 1.23(±0.03) 5.12(±0.05) 2.24(±0.03) 0.63(±0.01) 2.06(±0.35) 29.90(±0.15) - 259.36(±4.81) 1.23(±0.03) 5.12(±0.05) 2.24(±0.03)
debias VL [15] 0.43(±0.09) 1.44(±0.48) 28.20(±0.22) 70.01(±0.96) 245.11(±3.72) 1.35(±0.03) 3.53(±0.11) 2.93(±0.06) 0.49(±0.03) 1.91(±0.92) 28.15(±0.26) 67.42(±0.96) 242.78(±4.21) 1.33(±0.03) 3.57(±0.11) 2.85(±0.06)

UCE [27] 0.90(±0.04) 1.67(±0.71) 29.41(±0.13) 87.94(±0.86) 268.52(±3.92) 1.22(±0.02) 5.12(±0.05) 2.32(±0.03) 0.50(±0.03) 1.95(±0.37) 29.44(±0.12) 80.46(±1.13) 250.57(±4.49) 1.23(±0.03) 5.17(±0.08) 2.25(±0.03)
LightFair (Ours) 0.33(±0.10) 1.40(±0.28) 30.82(±0.19) 75.29(±0.99) 231.46(±3.30) 1.35(±0.02) 5.14(±0.09) 2.24(±0.06) 0.40(±0.03) 1.82(±0.44) 30.26(±0.16) 77.47(±1.05) 230.59(±6.53) 1.35(±0.01) 5.29(±0.11) 2.14(±0.06)

Based on this, Insight.2 encapsulates our �ne-grained exploration of the diffusion generation process.

Insight.2. The diffusion model generates the main word concept in the early denoising stages and
the attribute concepts in the later denoising stages.

Therefore, as shown in Fig. 3(d), we propose a two-stage text-guided sampling strategy. In the early
stages of sampling, when attribute-related information is minimal, the output of the original text
encoder continues to provide guidance. In the later stages, the �ne-tuned text encoder's output directs
the generation of images with fair attributes. Speci�cally, the noise prediction is expressed as:

� � (P; zt ; t) =
�

� � (f t
orig (P ); z t ; t) ; t � �

� � (f t
new (P ); z t ; t) ; t < �

; (14)

where� represents the optimal switching time for the text encoder. This strategy introduces almost
no computational burden, making it lightweight as well. Overall, Sec. G provides the pseudo-code
for LightFair.

5 Experiments

5.1 Experimental Setups

We apply our method to SD v1.5 and v2.1 to mitigate gender and racial biases. For gender, we consider
`Male' and `Female' attributes. For racial, we includeẀhite', `Black ', and Àsian ' attributes.
We use the prompt template “Photo portrait of a/an {occupation}, a person ”, where
the occupation is taken from [24]. We generate100images per prompt, repeat evaluation5 times,
and report the mean and variance across2 fairness and6 quality metrics. We compare our method
against 16 recent advances in fair T2I diffusion. Detailed introductions are deferred to Sec. H.

5.2 Overall Performance

Quantitative Analysis. Due to space limitations, Tab. 1 presents results for7 representative
quantitative comparisons. The full experimental results, including comparisons with16 baseline
methods and evaluations using2 additional metrics, are provided in Sec. I.1. Based on Tab. 1, we draw
the following conclusions: First, the Stable Diffusion, whether v1.5 or v2.1, displays strong attribute
biases. Speci�cally, both gender and race biases exceed0:5, with SD v2.1 exhibiting a particularly
high gender bias of0:85. Second, current debiasing methods provide limited improvement and, in
some cases, worsen the biases, as observed with FairD. This may occur because over-correction shifts
the model's bias from one attribute to another. Additionally, some methods, while reducing odds bias,
negatively affect quality fairness. For example, FinetuneFD lowers Bias-O but increases Bias-Q. Our
method focuses on the key structure contributing to attribute bias while preserving quality fairness in
the generated content. It successfully debiases multiple versions of SD. For instance, for SD v1.5, it
reduces gender/race biases by0:43/0:36, while ensuring that quality biases are reduced by0:91/0:54.
We note that our method outperforms all competitors in terms of generation quality, except for the
CLIP-I metric. Since debiasing alters certain image attributes, a decline in this metric is an expected
trade-off. Nonetheless, our method still ranks as the runner-up, demonstrating its effectiveness.
Finally, the time and space complexity analysis provided in Fig. 1 highlights the lightweight nature
of our LightFair.
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Table 2: Expansion of diverse prompts in gender-
debiased SD.

Prompt Method
Stable Diffusion v1.5 Stable Diffusion v2.1

Bias-O # Bias-Q # CLIP-T " Bias-O # Bias-Q # CLIP-T "

Non-templated SD 0.61(±0.25) 1.32(±0.19) 32.06(±1.65) 0.46(±0.19) 1.43(±0.24) 32.02(±2.04)
Ours 0.48(±0.27) 1.02(±0.15) 32.62(±2.02) 0.34(±0.23) 1.13(±0.15) 32.77(±1.99)

Two People
SD 0.35(±0.04) 1.23(±0.23) 30.46(±0.14) 0.65(±0.03) 1.76(±0.22) 32.32(±0.17)

Ours 0.13(±0.04) 0.89(±0.12) 30.90(±0.22) 0.54(±0.05) 1.11(±0.13) 32.50(±0.25)

Three People
SD 0.46(±0.05) 1.77(±0.31) 31.17(±0.18) 0.70(±0.03) 2.01(±0.42) 32.99(±0.18)

Ours 0.30(±0.04) 1.05(±0.20) 32.49(±0.04) 0.62(±0.04) 1.43(±0.21) 33.89(±0.25)

Table 3: Ablation study on the effective-
ness of different modules.

`o `q ` reg AFE Bias-O # Bias-Q # CLIP-T "

0.70(±0.03) 1.15(±0.49) 30.34(±0.08)
X 0.67(±0.08) 1.07(±0.46) 30.45(±0.11)
X X 0.56(±0.08) 0.93(±0.46) 30.51(±0.12)
X X 0.49(±0.06) 1.12(±0.73) 28.38(±0.11)
X X X 0.45(±0.09) 0.88(±0.51) 30.29(±0.44)
X X X X 0.34(±0.10) 0.81(±0.65) 32.19(±0.07)

Qualitative Analysis. Fig. 6 presents the qualitative results of our debiased SD. The original SD
shows a tendency to generate male CEOs and white doctors, marginalizing other identities. In
contrast, our debiased SD signi�cantly improves the representation of minorities while preserving the
original image layout and details. Additional qualitative results are provided in Sec. I.2.

Generalization to diverse prompts. In Tab. 2, we further explore the effectiveness of our method
across a broader range of prompts. For non-templated prompts, we conduct experiments on30
occupation-related prompts from the LAION-Aesthetics V2 dataset [81] (see Sec. I.3). For sce-
narios involving multiple people, we consider prompts such as “Photo portrait of two/three
{occupation}, two/three people ”. The results show that our method is equally effective across
diverse prompts, demonstrating its scalability. The qualitative results are provided in Sec. I.4.

Generalization to diverse attributes. In Sec. I.5 and Sec. I.6, we explore the results of debiasing on
the cross-attribute Gender� Race and the Age attribute. The results demonstrate that our method can
generalize to other attributes and multi-attribute debiasing scenarios.

Generalization to diverse target distributions. In Sec. I.7, we explore the effectiveness of debiasing
under imbalanced target distributions. The results demonstrate that our method can adapt to diverse
target distributions by tuning only a single hyperparameter.

5.3 Ablation Study

We perform several ablation studies to test the effectiveness of different modules and hyperparameters.
All experiments are conducted in gender-debiased Stable Diffusion v1.5.

The Effectiveness of Different Modules. Tab. 3 presents our step-by-step ablation study on the
three loss functions and Adaptive Foreground Extraction (AFE) mechanism for foreground extraction.
Compared to the baseline,`o reduces Bias-O, whilèq reduces Bias-Q. However, the improvements
remain limited due to over�tting. The regularization loss` reg prevents the model from deviating
excessively from the original semantics, resulting in a reduction of Bias-O and Bias-Q by0:25and
0:27, respectively. Additionally, AFE enhances semantic information extraction from the foreground,
further reducing Bias-O and Bias-Q while maintaining the quality of the generated images. Fig. 4
illustrates qualitative results achieved with AFE. Sec. I.8 provides additional ablation experiments
evaluating AFE under complex background conditions.

Ablation Study on Hyper-Parameters. Fig. 7a ablates the hyperparameter� 1, which sets the weight
of `q. The sequence� 1 = 5 ! 2 ! 1 ! 0:5 forms a smooth downward curve. But� 1 = 10 and0:1
deviate from the main pattern due to over- and under-regularization. The optimal value is� 1 = 1 . A
small� 1 reduces constraints on equalized quality, increasing Bias-Q. In contrast, a large� 1 causes
model over�tting, worsening Bias-O. Fig. 7b ablates the hyperparameter� 2, which adjusts the weight
of ` reg . The sequence� 2 = 1 ! 0:5 ! 0:2 ! 0:1 creates a consistent slope, while� 2 = 0:05 and
0:01fall outside the stable range. The best value is� 2 = 0:1. If � 2 is too small, excessive parameter
changes lower the generation quality. If� 2 is too large, the model has dif�culty converging, reducing
the effectiveness of debiasing. For additional ablation studies on hyperparameters, see Sec. I.9.

Different � Values During Inference. Fig. 8 illustrates the effect of different� values during
sampling. Since the early denoising stages primarily capture non-attribute information, choosing
� 2 ( 3

4 T; T ] ensures a lower Bias-O. In contrast, during the later stages, attribute features have
already formed and are dif�cult to reverse, resulting in Bias-O values comparable to those observed
without the debias model. However, intervening too early can degrade the quality of generated images,
as evidenced by irrelevant semantic artifacts (e.g., extraneous objects in the bottom-right corner of
the image in Fig. 8(a)). Based on experimental results, we recommend setting � =3

4 T .
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(a) Prompt: “Photo portrait of a CEO, a person”. Left: original SD v1.5. Right: our gender-debiased SD v1.5.

(b) Prompt: “Photo portrait of a doctor, a person”. Left: original SD v2.1. Right: our race-debiased SD v2.1.

Figure 6: Qualitative results. Images generated by the original SD (left) and our debiased SD (right).
For the same prompt, the images in corresponding positions are generated using the same random
noise. Bounding boxes denote detected faces (Gender: Male, Female; Race: White, Asian, Black).
More images are provided in Fig. 12, Fig. 13, Fig. 14 and Fig. 15.

(a) � 1 (b) � 2

Figure 7: Ablation Study on Hyper-Parameters.
Figure 8: Visualization and performance of image
generation with different � values.

5.4 Further Exploration

In Sec. I.10, we show thatLightFair can serve as a plug-in alongside other debiasing methods.
Sec. I.11 further shows thatLightFair is equally applicable to SD models built on the DiT architec-
ture. Sec. I.12 presents user studies indicating that our method delivers a superior user experience.
Sec. I.13 veri�es that our debiasing preserves the model's semantic understanding of original attributes.
Moreover, Sec. I.14 con�rms it does not affect generation on general prompts.

6 Conclusion

This paper explores a novel lightweight approach, namedLightFair , to achieve fairness in T2I
DMs. First, we reveal the text encoder's adverse effects on fairness. Then, we propose a collaborative
distance-constrained debiasing strategy that achieves equalized odds and equalized quality without
relying on auxiliary networks. Next, we introduce a two-stage text-guided sampling strategy. It
applies the debiased text encoder only during later sampling stages, which preserves the original
model's �delity. Finally, extensive experiments con�rm the effectiveness of our LightFair.
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A Symbol De�nitions

In this section, Tab. 4 includes a summary of key notations and descriptions in this work.

Table 4: A summary of key notations and descriptions in this work.
Notations Descriptions

ge Image encoder of the latent diffusion model.
gd Image decoder of the latent diffusion model.
x0; � � � ; x T Samples of the diffusion model at t = 0; � � � ; T .
z0; � � � ; zT Latent space samples of the diffusion model at t = 0; � � � ; T .
� t Hyperparameter controlling the noise level, �t 2 (0; 1).
� t � t =

Q t
i=1 � i .

� t � t = 1 � � t .
f t Text encoder of diffusion model / Text encoder of CLIP.
f i Image encoder of CLIP.
prompt(�) / P (�) Prompt used for text-to-image generation.
� � (f t (P ); z t ; t) Noise prediction network of the text-to-image diffusion model.
A Attribute set.
C Main word set.
a Attribute word from the set A, a 2 A.
c Main word from the set C, c 2 C.
M(prompt(�)) Images generated using prompt(�).
embT

c (�) Text embedding, shorthand for ft (prompt(�; c)).
embI

c (�) Image embedding, shorthand for fi (M(prompt(�; c))).
E[embI

c (�)] Centroid of the image embeddings.
� The optimal starting point for �ne-tuning the text encoder.

B Parameter Counts of Different Components in Stable Diffusion

Tab. 5 presents the parameter counts of different components in Stable Diffusion, including the CLIP
text encoder and U-Net. The results indicate that U-Net has more parameters than the CLIP text
encoder. Therefore, �ne-tuning the text encoder alone is a lightweight approach.

Table 5: Parameter Counts of Different Components in Stable Diffusion.
Method CLIP Text Encoder U-Net

Stable Diffusion v1.5 123.060480 M 859.520964 M
Stable Diffusion v2.1 340.387840 M 865.910724 M

C Occupation List

We obtain the following 80 occupations from [24], which are used for plotting Fig. 2(c).

[`aerospace engineer', `author', `baker', `bartender', `butcher', `carpenter', `ceo', `childcare
worker', `claims appraiser', `cleaner', `coach', `compliance of�cer', `computer programmer', `com-
puter support specialist', `computer systems analyst', `construction worker', `cook', `correctional
of�cer', `dentist', `designer', `detective', `director', `dispatcher', `doctor', `drywall installer', `elec-
trical engineer', `electrician', `engineer', `event planner', `facilities manager', `�le clerk', `�nancial
manager', `�re�ghter', `head cook', `health technician', `hostess', `industrial engineer', `inventory
clerk', `it specialist', `janitor', `lawyer', `logistician', `machinery mechanic', `machinist', `mani-
curist', `massage therapist', `mechanical engineer', `medical records specialist', `mover', `musician',
`network administrator', `nurse', `occupational therapist', `of�ce clerk', `painter', `pilot', `plane
mechanic', `plumber', `police of�cer', `postal worker', `printing press operator', `producer', `pro-
grammer', `radiologic technician', `real estate broker', `repair worker', `roofer', `sales manager',
`salesperson', `school bus driver', `security guard', `social assistant', `software developer', `supervi-
sor', `teacher', `teaching assistant', `waiter', `web developer', `wholesale buyer', `writer']
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D Proof of Theorem 4.1

Assumption D.1 (Stochastic Neighbor Embedding [36]). Let i represent an object andj a potential
neighbor. The probability pij that object i selects j as its neighbor is de�ned as:

pij =
exp(�d 2

ij )
P

k6=i exp(�d 2
ik )

; (1)

where the dissimilaritiesd2
ij are calculated using the scaled squared Euclidean distance between two

high-dimensional points xi and xj :

d2
ij =

kx i � x j k2

2� 2
i

; (2)

and � i represents the variance parameter associated with object i.
Assumption D.2. The diffusion model is assumed to be well-trained, such that it can correctly
generate the content speci�ed by the prompt:

P
�
x j prompt(x)

�
= 1: (15)

Assumption D.3. The attributea and the conceptc are assumed to be statistically independent, that
is:

P(a; c) = P(a)P(c): (16)
This implies that the attributea does not provide additional information about the conceptc, and vice
versa.
Restate of Theorem 4.1. Under Thm. D.1, D.2 and D.3, for any attributesai ; aj 2 A , achieving
Equalized Odds P(ai jP (�; c)) = P(a j jP (�; c)) is equivalent to ensuring Equalized Distance:




 f (a i ; c) � f t � P (�; c)

� 


 2

=



 f (a j ; c) � f t � P (�; c)

� 


 2

;

wheref (a i ; c) represents the encoding of the conceptsai andc, f t (�) denotes the encoding performed
by the CLIP text encoder and P(�) is shorthand for prompt(�).

Proof. First, since the input of the diffusion denoising process is the encoding of the prompt by the
text encoder, Equalized Odds can be reformulated as:

P
�

ai j f t � P (�; c)
� �

= P
�

aj j f t � P (�; c)
� �

; 8ai ; aj 2 A; (17)

where ft (�) denotes encoding by the CLIP text encoder, and P(�) is shorthand for prompt(�).

According to Thm. D.2, we have:

P
�

c j f t � P (�; c)
� �

= 1: (18)

Thus, by Thm. D.3, for any ai ; aj 2 A,

P
�

ai ; c j f t � P (�; c)
� �

= P
�

aj ; c j f t � P (�; c)
� �

: (19)

Let f (a; c) represent the effective encoding of the conceptsa andc, Equ. (19) can be approximated
as:

P
�

f (a i ; c) j f t � P (�; c)
� �

= P
�

f (a j ; c) j f t � P (�; c)
� �

: (20)

According to Thm. D.1 and [20], the conditional probabilityP
�

f (a i ; c) j f t
�
P (�; c)

� �
can be

represented as the similarity betweenf(a i ; c) andf t
�
P (�; c)

�
, and can be modeled using a Gaussian

distribution. We thus measuring P
�

f (a i ; c) j f t
�
P (�; c)

� �
by calculating:

P
�

f (a i ; c) j f t � P (�; c)
� �

=

exp

 

�






 f (a i ;c)�f t

�
P (�;c)

� 






2

2� 2

!

P
ak 2A exp

 

�






 f (a k ;c)�f t

�
P (�;c)

� 






2

2� 2

! ; (21)
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where� is a constant dependent only onf t
�
P (�; c)

�
, controlling the falloff ofP with respect to

distance. Combining Equ. (20) and Equ. (21), we obtain:

exp

 

�






 f (a i ;c)�f t

�
P (�;c)

� 






2

2� 2

!

P
ak 2A exp

 

�






 f (a k ;c)�f t

�
P (�;c)

� 






2

2� 2

! =

exp

 

�






 f (a j ;c)�f t

�
P (�;c)

� 






2

2� 2

!

P
ak 2A exp

 

�






 f (a k ;c)�f t

�
P (�;c)

� 






2

2� 2

! (22)

exp

 

�




 f (a i ; c) � f t

�
P (�; c)

� 


 2

2� 2

!

= exp

 

�




 f (a j ; c) � f t

�
P (�; c)

� 


 2

2� 2

!

(23)




 f (a i ; c) � f t � P (�; c)

� 


 2

=



 f (a j ; c) � f t � P (�; c)

� 


 2

(24)

This completed the proof.

To establish Thm. 4.1, we rely on an independence assumption (Thm. D.3). This is a mild requirement
that can be validated on both empirical and theoretical grounds.

• Empirically, the assumption is weak and speci�c to the training process. Although attributes
and concepts are seldom independent in the real world, the training images are generated
by Stable Diffusion. By controlling the prompts, we can readily enforce independence
between attributes and concepts. For example, we generate equal numbers of images for
different attributes to compute semantic centroids. In such a controlled setting, the condition
P(a; c) = P(a)P(c) clearly holds.

• Theoretically, we further relax Thm. D.3 to a softer condition:1 � � � P(ajc)
P(a) � 1 + �

(Thm. D.4), and derive Thm. D.5. It shows that, under this relaxed assumption, the induced
probability error from the distance constraint is on the order ofO(�) , where� is a small
constant. In our training data, � is always less than 0.01.

Assumption D.4. For any attribute a and concept c, there exists � 2 [0; 1) such that

1 � � �
P (a j c)

P (a)
� 1 + �; 8a 2 A; c 2 C: (25)

When � = 0, this reduces to the original Thm. D.3.

Theorem D.5. Under Thm. D.1, D.2 and D.4, letdi =



 f (a i ; c) � f t

�
P (�; c)

� 


 ; and let� be the

bandwidth of the Gaussian kernel. If Equalized Odds holds, i.e.,

P(ai j P (�; c)) = P(a j j P (�; c)) for any ai ; aj 2 A; (26)

then the corresponding embedding distances satisfy

�
�d2

i � d 2
j

�
� � 2� 2 �

�
�
�
� ln

1 + �
1 � �

�
�
�
� � 4� 2�: (27)

In particular, as� ! 0 , the bound vanishes. Equalized Odds then implies exact equality in embedding
distances, recovering the original Thm. 4.1.

Proof. First, since the input of the diffusion denoising process is the encoding of the prompt by the
text encoder, Equalized Odds can be reformulated as:

P
�

ai j f t � P (�; c)
� �

= P
�

aj j f t � P (�; c)
� �

; 8ai ; aj 2 A; (28)

where ft (�) denotes encoding by the CLIP text encoder, and P(�) is shorthand for prompt(�).

According to Thm. D.2, we have:

P
�

c j f t � P (�; c)
� �

= 1: (29)
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Under the weak-independence Thm. D.4, for any ai ; aj 2 A,

1 � �
1 + �

�
P(ai ; c j f t (P (�; c)))
P(aj ; c j f t (P (�; c)))

�
1 + �
1 � �

: (30)

Let f (a; c) represent the joint encoding of the attribute a and concept c.

Because f(a; c) captures both a and c, Equ. (30) can be rewritten as

1 � �
1 + �

�
P

�
f (a i ; c) j f t (P (�; c))

�

P
�
f (a j ; c) j f t (P (�; c))

� �
1 + �
1 � �

: (31)

According to Thm. D.1 and [20], the conditional probabilityP
�

f (a i ; c) j f t
�
P (�; c)

� �
can be

represented as the similarity betweenf(a i ; c) andf t
�
P (�; c)

�
, and can be modeled using a Gaussian

distribution. We thus measuring P
�

f (a i ; c) j f t
�
P (�; c)

� �
by calculating:

P
�

f (a i ; c) j f t � P (�; c)
� �

=

exp

 

�






 f (a i ;c)�f t

�
P (�;c)

� 






2

2� 2

!

P
ak 2A exp

 

�






 f (a k ;c)�f t

�
P (�;c)

� 






2

2� 2

! ; (32)

where� is a constant dependent only onf t
�
P (�; c)

�
, controlling the falloff ofP with respect to

distance. Combining Equ. (31) and Equ. (32), we obtain:

1 � �
1 + �

� exp
�

� kf (a i ;c)�f t (P (�;c))k 2 �kf (a j ;c)�f t (P (�;c))k 2

2� 2

�
�

1 + �
1 � �

: (33)

Taking natural logarithms and absolute values on Equ. (33) yields
�
�kf (a i ; c) � f t (P (�; c))k 2 � kf (a j ; c) � f t (P (�; c))k 2

�
� � 2� 2

�
�
� ln

1 + �
1 � �

�
�
� : (34)

Recalling the de�nition di = kf(a i ; c) � f t (P (�; c))k and using ln1+�
1�� = 2� + O(� 3), we have

�
�d2

i � d 2
j

�
� � 2� 2

�
�
�
� ln

1 + �
1 � �

�
�
�
� � 4� 2�: (35)

As � ! 0 , the logarithmic term vanishes, so Equalized Odds enforcesd2
i = d 2

j , recovering the exact
equality of embedding distances established under the stronger independence assumption.

This completed the proof.

E Proof of Proposition 4.2

De�nition E.1 (Fourier Transform). The Fourier Transform of a functionf (x) , denoted asFff (x)g ,
is de�ned as:

F[f (x)](!) = F x (!) =
Z 1

�1
f (x)e �i!x dx; (36)

where ! is the angular frequency variable in the Fourier domain.
Lemma E.2 (Linearity Property of the Fourier Transform). If the Fourier transforms of signalsf 1(x)
and f2(x) are F1x (!) and F 2x (!), respectively, i.e.,

F[f 1(x)](!) = F 1x (!);

F[f 2(x)](!) = F 2x (!);
then for any constants a1 and a2, the Fourier Transform satis�es:

F[a1f 1(t) + a 2f 2(t)](!) = a 1F1x (!) + a 2F2x (!): (37)
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Restate of Proposition 4.2. The recovery rate of low-frequency signals during the diffusion denoising
process is higher than that of high-frequency signals.

Proof. For the forward noising process of the diffusion model Denoising Diffusion Probabilistic
Model (DDPM), we have

x t =
p

� t x0 +
p

1 � � t � with � � N (�; 0; I); (38)

where,� t =
Q t

i=1 � i , � t 2 (0; 1) represents the noise attenuation factor at timet during the diffusion
process.x0 andx t denote the initial noise-free sample and the noisy sample at timet, respectively.�
represents standard Gaussian noise.

According to Thm. E.1, applying the Fourier Transform to Equ. (38) yields:

F [x t ] (!) = F t (!) = F
� p

� t x0 +
p

1 � � t �
�

(!): (39)

Next, due to the linearity property of the Fourier Transform in Thm. E.2, we have:

F [x t ] (!) =
p

� t F [x 0] (!) +
p

1 � � t F [�] (!);

Ft (!) =
p

� t F0(!) +
p

1 � � t F� (!): (40)

Substituting f = 2�!, we obtain:

Ft (f ) =
p

� t F0(f ) +
p

1 � � t F� (f ): (41)

The DDPM denoising process can be viewed as an error-free transmission of image signals through a
channel. The original noise-free image signal is the sum of image signals at different frequencies,
expressed asx0 =

P +1
f=0 Fx 0 (f ) . The channel input is a combination of the attenuated image signal

(
p

� T Fx 0 (f ) ) and Gaussian noise (
p

1 � � T F� (f ) ). Due to the suf�ciently large Gaussian noise,
the image signal is masked, and the input can be considered as Gaussian noise, which corresponds to
the random noise at timestep xT in the DDPM reverse process, i.e.:

FT (f ) =
p

� T F0(f ) +
p

1 � � T F� (f ) : (42)

Attenuated Image Signal

Gaussian Noise
For a diffusion model to successfully reconstruct an image, it must ensure that the attenuated image
signal is completely transmitted. Simultaneously, during the transmission process, the DDPM
weakens the original Gaussian noise through noise prediction. This process can be described as:

Image Signal+ High Gaussian NoiseChannel Transmission�����������!
(DDPM)

Image Signal+ Low Gaussian Noise:

Assuming the DDPM model is fully trained at any given timet, it can completely remove the noise.
During this process, the signal-to-noise ratio at time t is:

SNRt (f ) =
E

h
jFT (f ) � E T (f )j 2

i

E
h
jE t (f )j

2
i (43)

=
E

h�
�FT (f ) �

p
1 � � T F� (f )

�
�2

i

E
h�
�p 1 � � t F� (f )

�
�2

i (44)

=
� T jF0(f )j 2

(1 � � t ) jF � (f )j
2 : (45)
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The variation ef�ciency of the signal-to-noise ratio:

�SNR i+1
i (f ) = SNR i (f ) � SNR i+1 (f ) (46)

=
� T jF0(f )j 2

(1 � � i ) jF � (f )j
2 �

� T jF0(f )j 2

(1 � � i+1 ) jF � (f )j
2 (47)

=
� i � � i+1

(1 � � i )(1 � � i+1 )
�

� T jF0(f )j 2

jF � (f )j
2 (48)

Previous studies [12, 22, 23, 89, 90] have observed that the average power spectrum of natural images
follows the form 1=f� with � � 2. Therefore, we have:

jF0(f )j 2 /
1

f � ; � � 2: (49)

Since� � N (�; 0; I) is Gaussian white noise, the power is constant across different frequenciesf . It
can be expressed as:

jF � (f )j
2 = C: (50)

Substituting Equ. (49) and Equ. (50) into Equ. (48) yields:

�SNR i+1
i (f ) /

� i � � i+1

(1 � � i )(1 � � i+1 )
| {z }

(1)

�
� T

C|{z}
(2)

�
1

f �
|{z}
(3)

(51)

Since� t =
Q t

i=1 � i and� t 2 (0; 1], part (1) is always positive for anyi . Part (2) is a constant, and
part (3) is a positive term inversely proportional to f . Therefore:

• For any i 2 [0; T � 1], �SNR i+1
i (f ) > 0.

• For f1 > f 2, we have �SNRi+1
i (f 1) < �SNR i+1

i (f 2).

So, the recovery rate of low-frequency signals during the diffusion denoising process is higher than
that of high-frequency signals.

This completed the proof.
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F Expanded Version of Filtering Results in the Denoising Process

Here, we provide an expanded version of the �ltering results in the denoising process, as shown in
Fig. 9, Fig. 10 and Fig. 11.

Figure 9: An enlarged version of Fig. 5. Results of low-pass and high-pass �ltering applied during
the denoising process with text guidance for `male doctor ' (top two rows) and f̀emale doctor '
(bottom two rows). Each pair shows low-pass �ltered images on top and high-pass �ltered images
below. For clarity, some images are enlarged and highlighted on both sides.

Figure 10: Expanded results of low-pass and high-pass �ltering applied during the denoising
process with text guidance for `male doctor ' (top two rows) and f̀emale doctor ' (bottom two
rows). Each pair shows low-pass �ltered images on top and high-pass �ltered images below. For
clarity, some images are enlarged and highlighted on both sides.

Figure 11: Expanded results of low-pass and high-pass �ltering applied during the denoising
process with text guidance for `male doctor ' (top two rows) and f̀emale doctor ' (bottom two
rows). Each pair shows low-pass �ltered images on top and high-pass �ltered images below. For
clarity, some images are enlarged and highlighted on both sides.
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G Algorithm of LightFair

Algorithm 1: Training

Input: CLIP text encoder ftext
orig ; CLIP image encoder fimage ; U-Net �� ; main word c; attribute set

A = fa 1; : : : ; ajAj g; training epochs Etotal ; batch size Nb
Output: Fine-tuned text encoder ftext

new
1: f text

new  f text
orig ;

2: for epoch = 1 to Etotal do
3: � Generate Training Images
4: with no_grad() do
5: SD  (f text

new ; � � ); # Build SD using text encoder and U-Net
6: for i = 1 to jAj do
7: imagei = [SD(P (a i ; c))]N b

; # Generate images with attributes
8: end for
9: end with

10: � Extracting Foreground
11: for i = 1 to jAj do
12: image0

i = CA(image i ; P (ai ; c)); # Extracting foreground using
cross-attention

13: end for
14: � Calculating Loss Function and Optimization
15: images  [image 0

1; : : : ; image0
jAj ];

16: texts  [P (�; c); P (a 1; c); : : : ; P (ajAj ; c)];
17: with no_grad() do
18: image_emb = f image (images):norm;
19: end with
20: image_emb_centroid  [E[image_emb]; E[image_emb1]; : : : ; E[image_embjAj ]];
21: text_emb = f text

new (texts):norm;
22: s = image_emb_centroid � text_embT ; # Calculate the similarity matrix
23: `o  s[1 : jAj; 0];
24: `q  s[k; k]; k 2 [1; jAj];
25: `reg  s[0; 0];
26: Calculate ` = ò + � 1`q + � 2` reg with Equ. (9), Equ. (10), and Equ. (11);
27: Backpropagation updates ftext

new parameters;
28: end for
29: return f text

new .

Algorithm 2: Sampling

Input: CLIP original text encoder ftext
orig ; CLIP �ne-tuned text encoder ftext

new ; U-Net �� ; prompt P ;
Stable Diffusion image decoder gd; hyperparameters �t , � t and �

Output: Clean Image x0
1: zT � N (0; I);
2: for t = T to 1 do
3: � t � N (0; I) if t > 1, else � t = 0;
4: if T � � then
5: zt�1 = 1p

� t
(z t � 1�� tp

1� �� t
� � (f text

orig (P ); z t ; t)) + � t � t ;
6: else
7: zt�1 = 1p

� t
(z t � 1�� tp

1� �� t
� � (f text

new (P ); z t ; t)) + � t � t ;
8: end if
9: end for

10: x0  g d(z0);
11: return x 0.
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H Additional Experimental Settings

In this section, we make a supplementation to Sec. 5.1.

H.1 Evaluation metrics

We use the gender and race classi�ers from [80] for evaluation. For each prompt,100images are
generated. To reduce experimental randomness, the evaluation is repeated �ve times, and the mean
and variance of the reported metrics are calculated. Here we give a more detailed summary of the
evaluation metrics mentioned in the experiments.

To evaluate the Fairness of the model, we use the following two metrics:

• Bias-Odds (Bias-O) quanti�es the degree of bias in the frequency of different at-
tributes in generated images when unspeci�ed attributes are involved. Speci�cally,
for a given promptprompt(�; c) , Bias-O is calculated asBias-O(prompt(�; c)) =

1
jAj(jAj�1)=2

P
a i ;a j 2jAj:i<j jfreq(ai ) � freq(a j )j , wherefreq(ai ) represents the frequency

of attributeai appearing in the generated images, andjAj denotes the number of elements in
the attribute set.

• Bias-Quality (Bias-Q) quanti�es the degree of bias in the generation quality of differ-
ent attributes in the generated images when unspeci�ed attributes are involved. Speci�-
cally, for a given promptprompt(�; c) , Bias-Q is calculated asBias-Q(prompt(�; c)) =

1
jAj(jAj�1)=2

P
a i ;a j 2jAj:i<j jqual(ai ) � qual(a j )j , wherequal(ai ) represents the generation

quality of images containing attributeai , calculated using the CLIP Score (The calculation
is the same as that in the following CLIP-T.).

To evaluate the Quality of the model, we use the following six metrics:

• CLIP-T (CLIP Score of Text) [34] measures the semantic alignment between generated
images and their corresponding textual descriptions. By calculating the similarity between
image and text embeddings, it evaluates their semantic relevance. In our experiments, the
clip-vit-large-patch142 model is used to compute this metric. A higher CLIP-T re�ects
better alignment between images and descriptions.

• CLIP-I (CLIP Score of Image) [34] measures the similarity between the generated image
and the original Stable Diffusion (SD) output for the same prompt and noise. By calculating
the similarity between image embeddings, it evaluates the consistency of the generated
image relative to the original generation. Similar to CLIP-T, the clip-vit-large-patch14 model
is used to compute this metric. A higher CLIP-I indicates a smaller impact of �ne-tuning on
the model's performance.

• FID (Fréchet Inception Distance) [35] assesses the quality of generated images by comparing
the distribution of generated images with that of real images in the feature space. In our
experiments, the FairFace dataset [46] is used as a reference. A lower FID score indicates
that the generated images are closer to the real images, re�ecting higher realism and visual
quality.

• IS (Inception Score) [79] evaluates the quality and diversity of generated images by analyz-
ing the prediction distribution of a classi�er, such as the Inception network, on the generated
images. A higher IS value indicates better image quality and greater diversity in content.

• AS-R (Aesthetic Score - Rating) [99] evaluates the overall aesthetic quality of a given image.
The metric is computed using a regression head trained on human-rated aesthetic datasets,
and it takes the pooled visual features from a CLIP-based vision encoder as input. A higher
AS-R score indicates better visual appeal and artistic quality.

• AS-A (Aesthetic Score - Artifacts) [94] quanti�es the presence of visual artifacts or distor-
tions in an image. It is computed using a separate regression model trained. A lower AS-A
score re�ects fewer artifacts and higher perceptual quality.

2 https://huggingface.co/openai/clip-vit-large-patch14
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H.2 Competitors

Here we give a more detailed summary of the competitors mentioned in the experiments.

• SD (Stable Diffusion) [78] is an ef�cient latent space diffusion model capable of generating
high-quality images. By mapping the image generation process to a lower-dimensional
latent space, it signi�cantly reduces computational costs. In this paper, we consider versions
v1.53 and v2.14.

• FairD (Fair Diffusion) [24] reduces bias or unfairness in generated images by randomly
incorporating additional text prompts to adjust the generation process. The original paper
conducts experiments based on SDv1.5.

• UCE (Uni�ed Concept Editing) [27] provides a universal framework for concept editing,
enabling the effective removal, modi�cation, or replacement of speci�c concepts in generated
images by updating the cross-attention layers. The original paper conducts experiments
based on SDv1.5 and SDv2.1.

• FinetuneFD (Finetune Fair Diffusion) [84] employs biased �ne-tuning combined with a
distributional alignment loss to reduce bias in generated images. This method conducts
experiments based on SDv1.5 in the original paper.

• FairMapping (Fair Mapping) [51] introduces a linear network to map textual conditioning
embeddings into a debiased space, enabling demographically fair image generation. Addi-
tionally, an auxiliary detector is used to determine whether to activate the linear network
based on the input prompt. The original paper conducts experiments using SDv1.5. We
reproduced using the hyperparameters reported in the original paper due to the absence of
of�cial code.

• BalancingAct (Balancing Act) [70] introduces an auxiliary network called the Attribute
Distribution Predictor, which maps UNet latent features to attribute distributions and guides
the generation process toward a prescribed demographic distribution. The original paper
conducts experiments using SDv1.5.

• Debias VL (Debiasing Vision-Language Model) [15] eliminates bias in vision-language
foundation models by projecting out biased directions in text embeddings. The original
paper conducts experiments using SDv2.1.

• TI (Textual Inversion) [26] enables personalized image generation by learning new pseudo-
words to represent speci�c visual concepts using some example images. TI can mitigate
bias by replacing biased concepts with embeddings learned from unbiased datasets. We
reconduct experiments using SDv1.5.

• AITTI (Adaptive Inclusive Token for Text-to-Image) [40] introduces an adaptive mapping
network that learns concept-speci�c inclusive tokens to mitigate stereotypical biases in T2I
generation. The original paper conducts experiments using SDv1.5.

• TIME (Text-to-Image Model Editing) [69] edits implicit assumptions in pre-trained diffusion
models by aligning under-speci�ed prompts with user-desired alternatives through modifying
cross-attention projection matrices. We reconduct experiments using SDv1.5.

• MIST (Mitigating Intersectional Bias with Disentangled Cross-Attention Editing) [105]
isolates and adjusts biased attribute concepts while preserving unrelated content by editing
the cross-attention layers in a disentangled manner. The original paper conducts experiments
using SDv1.5.

• FairSM (Fair Sampling with Switching Mechanism) [14] obfuscates attribute-speci�c
information while preserving semantic content by switching the conditioning of sensitive
attributes at a learned transition point during the denoising process. The original paper
conducts experiments using SDv1.5.

• SANER (Societal Attribute Neutralizer) [37] removes attribute information from CLIP text
features, retaining only attribute-neutral descriptions. The original paper focuses solely on
debiasing CLIP, while we transfer the debiased model to SDv1.5.

3 https://huggingface.co/stable-diffusion-v1-5/stable-diffusion-v1-5
4 https://huggingface.co/stabilityai/stable-diffusion-2-1
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• DEAR (Debiasing with Additive Residuals) [83] learns additive residual image representa-
tions to offset the original representations, ensuring fair output representations. The original
paper focuses solely on debiasing CLIP, while we transfer the debiased model to SDv1.5.

• EntiGen (Ethical Natural Language Interventions in Text-to-Image Generation) [1] encour-
ages models to generate images representing diverse social groups across gender, skin color,
and culture by appending natural language ethical interventions to prompts. The original
paper only modi�es the input to the CLIP text encoder, while we apply it to SDv1.5 and
SDv2.1.

• ITI-GEN (Inclusive Text-to-Image Generation) [107] learning a set of prompt embeddings
to generate images that can effectively represent all desired attribute categories. The original
paper conducts experiments using SDv1.5.

H.3 Implementation Details

We perform all experiments on an NVIDIA 4090 GPU. We generate images for six occupations
(doctor, CEO, taxi driver, nurse, artist, and teacher) using the prompt template unless otherwise
speci�ed. In the main experiments, we �ne-tune LoRA [41] with a rank of50 applied to the text
encoder. Following the default setting for Stable Diffusion v1.5 and v2.1, we �x the classi�er-free
guidance (CFG) scale at7:5 for all experiments and visualizations. We use the Adam with Weight
Decay (AdamW) [59] optimizer with a weight decay of0:01. The initial learning rate is set within
the range of9 � 10 �6 to 7 � 10 �5 , depending on the version of Stable Diffusion and the speci�c
attribute category. The batch size is �xed at50across all scenarios, and the total number of epochs is
set to 160.

I Additional Experimental Results

I.1 Expanded Version of Quantitative Results

Here, we present an expanded version of the quantitative results. First, we provide comparisons
against a broader range of baseline methods. Then, we report results across additional evaluation
metrics.

Comparison with More Baselines. Tab. 6 shows a comprehensive comparison with16 baseline
methods, including the original SD,11 debiasing methods designed for diffusion models, and4
debiasing methods tailored for CLIP. OurLightFair continues to achieve SOTA performance.
Notably, since our approach targets the CLIP text encoder within the diffusion model, we include
comparisons with CLIP debiasing methods. Existing CLIP debiasing approaches can be broadly
categorized into three groups:

1. Joint �ne-tuning of the image and text encoders (e.g., [19, 65]): These methods are mainly
designed for classi�cation tasks. However, due to mismatched optimization objectives, the �ne-
tuned text embeddings often become incompatible with the U-Net used in diffusion models.
Consequently, replacing the original text encoder with a jointly �ne-tuned one often results in
generation failures, producing noisy and semantically meaningless outputs.

2. Fine-tuning only the image encoder (e.g., DEAR in Tab. 6): Since SD primarily relies on the
CLIP text encoder for guiding generation, methods that modify only the image encoderdo not
address the core bias issues in generative tasks.

3. Fine-tuning only the text encoder (e.g., SANER, EntiGen, and ITI-GEN in Tab. 6): These
methods directly perform debiasing on the CLIP text encoder and apply it to SD-based image
generation. They effectively demonstrate the importance of addressing bias at the level of text
encoding for achieving fairness in generative models. OurLightFair belongs to this category.
What distinguishesLightFair is its theoretically grounded loss functions targeting equalized
odds and equalized quality, which contribute to its superior performance.

Results on Additional Evaluation Metrics. In addition to the 2 fairness metrics and 6 quality
evaluation metrics used in our paper, several other evaluation metrics have been proposed in related
work. For example, [70] employs Fairness Discrepancy (FD) to assess fairness, and [84] uses DINO
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features to evaluate image quality. We incorporate both of these additional metrics in our evaluation,
with the results presented in Tab. 7.

The results show that FD exhibits a similar trend to Bias-O, while the DINO-based quality scores
align closely with those of CLIP-I. Notably, ourLightFair consistently ranks �rst or second
across all ten evaluation metrics, underscoring its overall effectiveness in balancing fairness
and generation quality.

Table 6: Complete quantitative results on gender and race attributes. The champion and the runner-up
are highlighted in bold andunderline, respectively. Methods marked with� are reproduced using the
model architectures and hyperparameters reported in the original papers due to the absence of of�cial
code. For clarity, methods added beyond those in Tab. 1 are highlighted in red.

Method

Gender Race

Fairness Quality Fairness Quality
Bias-O # Bias-Q # CLIP-T " CLIP-I " FID # IS " AS-R " AS-A # Bias-O # Bias-Q # CLIP-T " CLIP-I " FID # IS " AS-R " AS-A #

Stable Diffusion v1.5

SD [78] 0.73(±0.05) 1.90(±0.67) 29.31(±0.06) - 275.13(±6.75) 1.26(±0.03) 4.78(±0.08) 2.65(±0.04) 0.54(±0.02) 1.60(±0.67) 29.31(±0.06) - 275.13(±6.75) 1.26(±0.03) 4.78(±0.08) 2.65(±0.04)

FairD [24] 0.79(±0.04) 3.25(±1.15) 28.79(±0.11) 75.91(±0.56) 269.62(±4.42) 1.30(±0.03) 4.57(±0.09) 2.82(±0.05) 0.50(±0.02) 1.50(±0.38) 28.95(±0.10) 74.33(±0.68) 262.72(±4.84) 1.28(±0.03) 4.55(±0.08) 2.83(±0.06)

UCE [27] 0.78(±0.07) 1.79(±0.46) 28.91(±0.13) 82.72(±0.81) 273.95(±5.53) 1.26(±0.03) 4.71(±0.09) 2.64(±0.04) 0.44(±0.03) 1.40(±0.24) 29.13(±0.14) 90.15(±0.70) 281.16(±5.18) 1.26(±0.02) 4.76(±0.08) 2.69(±0.05)

FinetuneFD [84] 0.38(±0.07) 2.31(±0.35) 29.34(±0.13) 76.17(±0.68) 278.21(±7.53) 1.24(±0.02) 4.38(±0.06) 2.86(±0.04) 0.20(±0.03) 1.41(±0.23) 29.02(±0.15) 74.57(±0.53) 270.09(±5.99) 1.26(±0.02) 4.33(±0.06) 2.87(±0.05)

FairMapping� [51] 0.46(±0.05) 2.16(±0.72) 29.30(±0.16) 76.00(±0.66) 278.81(±5.84) 1.26(±0.02) 4.34(±0.07) 2.90(±0.03) 0.34(±0.02) 1.75(±0.47) 29.29(±0.15) 76.54(±0.71) 280.95(±5.02) 1.26(±0.03) 4.53(±0.08) 2.80(±0.05)

BalancingAct [70] 0.41(±0.05) 1.70(±0.55) 29.30(±0.11) 77.37(±0.64) 272.08(±5.16) 1.28(±0.02) 4.71(±0.06) 2.68(±0.04) 0.34(±0.02) 1.13(±0.36) 29.34(±0.11) 77.44(±0.72) 271.91(±5.35) 1.29(±0.03) 4.72(±0.10) 2.66(±0.04)

TI [26] 0.56(±0.06) 1.88(±0.37) 28.76(±0.10) 75.43(±0.54) 278.92(±6.22) 1.27(±0.02) 4.45(±0.07) 2.74(±0.03) 0.47(±0.03) 1.45(±0.27) 28.67(±0.17) 67.96(±0.84) 275.20(±5.07) 1.25(±0.03) 4.43(±0.04) 2.81(±0.04)

AITTI � [40] 0.41(±0.06) 1.34(±0.44) 29.03(±0.09) 77.25(±0.44) 267.23(±5.14) 1.29(±0.02) 4.61(±0.08) 2.69(±0.04) 0.25(±0.04) 1.20(±0.31) 29.03(±0.11) 85.43(±0.47) 271.13(±5.24) 1.29(±0.01) 4.78(±0.08) 2.73(±0.03)

TIME [69] 0.65(±0.04) 1.76(±0.35) 28.45(±0.12) 73.71(±0.69) 279.17(±4.43) 1.25(±0.02) 4.45(±0.07) 2.86(±0.04) 0.39(±0.04) 1.51(±0.34) 27.97(±0.15) 76.53(±0.68) 275.72(±6.84) 1.26(±0.02) 4.57(±0.04) 2.75(±0.02)

MIST� [105] 0.39(±0.05) 1.35(±0.43) 29.10(±0.13) 76.67(±0.35) 254.33(±4.76) 1.27(±0.02) 4.69(±0.05) 2.64(±0.04) 0.26(±0.03) 1.19(±0.24) 29.08(±0.09) 83.25(±0.75) 265.83(±6.78) 1.28(±0.02) 4.74(±0.07) 2.57(±0.05)

FairSM [14] 0.65(±0.04) 1.83(±0.21) 27.98(±0.11) 74.23(±0.59) 265.60(±5.04) 1.26(±0.03) 4.39(±0.07) 2.83(±0.03) 0.42(±0.03) 1.61(±0.37) 28.68(±0.06) 72.83(±0.60) 271.58(±5.83) 1.27(±0.03) 4.58(±0.07) 2.84(±0.03)

SANER� [37] 0.52(±0.02) 1.65(±0.34) 28.13(±0.08) 75.28(±0.77) 275.34(±5.40) 1.25(±0.04) 4.53(±0.09) 2.76(±0.04) 0.45(±0.03) 1.41(±0.33) 28.50(±0.13) 73.64(±0.51) 273.21(±6.42) 1.24(±0.02) 4.38(±0.09) 2.67(±0.05)

DEAR [83] 0.73(±0.05) 1.90(±0.67) 29.31(±0.06) - 275.13(±6.75) 1.26(±0.03) 4.78(±0.08) 2.65(±0.04) 0.54(±0.02) 1.60(±0.67) 29.31(±0.06) - 275.13(±6.75) 1.26(±0.03) 4.78(±0.08) 2.65(±0.04)

EntiGen [1] 0.46(±0.05) 2.63(±0.88) 28.57(±0.14) 71.89(±0.68) 263.76(±5.51) 1.29(±0.04) 4.53(±0.09) 2.78(±0.06) 0.37(±0.04) 2.88(±0.63) 27.97(±0.14) 69.56(±0.74) 265.94(±4.25) 1.31(±0.04) 4.77(±0.07) 2.57(±0.04)

ITI-GEN [107] 0.39(±0.06) 1.27(±0.82) 28.36(±0.12) 68.82(±0.59) 246.55(±5.97) 1.29(±0.02) 4.36(±0.11) 2.86(±0.07) 0.31(±0.04) 1.62(±0.37) 28.13(±0.16) 66.97(±0.57) 269.84(±6.61) 1.33(±0.03) 4.14(±0.10) 2.85(±0.05)

LightFair (Ours) 0.30(±0.08) 0.99(±0.55) 30.57(±0.16) 80.09(±0.76) 233.53(±5.50) 1.30(±0.03) 4.79(±0.08) 2.60(±0.04) 0.18(±0.04) 1.06(±0.43) 31.34(±0.20) 86.31(±0.70) 259.96(±7.75) 1.33(±0.03) 4.80(±0.10) 2.55(±0.04)

Stable Diffusion v2.1

SD [78] 0.85(±0.05) 1.84(±0.63) 29.90(±0.15) - 259.36(±4.81) 1.23(±0.03) 5.12(±0.05) 2.24(±0.03) 0.63(±0.01) 2.06(±0.35) 29.90(±0.15) - 259.36(±4.81) 1.23(±0.03) 5.12(±0.05) 2.24(±0.03)

debias VL [15] 0.43(±0.09) 1.44(±0.48) 28.20(±0.22) 70.01(±0.96) 245.11(±3.72) 1.35(±0.03) 3.53(±0.11) 2.93(±0.06) 0.49(±0.03) 1.91(±0.92) 28.15(±0.26) 67.42(±0.96) 242.78(±4.21) 1.33(±0.03) 3.57(±0.11) 2.85(±0.06)

UCE [27] 0.90(±0.04) 1.67(±0.71) 29.41(±0.13) 87.94(±0.86) 268.52(±3.92) 1.22(±0.02) 5.12(±0.05) 2.32(±0.03) 0.50(±0.03) 1.95(±0.37) 29.44(±0.12) 80.46(±1.13) 250.57(±4.49) 1.23(±0.03) 5.17(±0.08) 2.25(±0.03)

EntiGen [1] 0.42(±0.03) 2.10(±0.38) 29.25(±0.16) 69.22(±1.12) 255.01(±3.60) 1.24(±0.02) 4.91(±0.08) 2.42(±0.04) 0.55(±0.03) 3.07(±0.39) 28.12(±0.12) 65.34(±1.02) 253.53(±3.83) 1.23(±0.03) 5.28(±0.07) 2.21(±0.05)

LightFair (Ours) 0.33(±0.10) 1.40(±0.28) 30.82(±0.19) 75.29(±0.99) 231.46(±3.30) 1.35(±0.02) 5.14(±0.09) 2.24(±0.06) 0.40(±0.03) 1.82(±0.44) 30.26(±0.16) 77.47(±1.05) 230.59(±6.53) 1.35(±0.01) 5.29(±0.11) 2.14(±0.06)

Table 7: Results on two additional evaluation metrics (FD and DINO). The champion and the runner-
up are highlighted in bold and underline, respectively.

Method
Gender Race

Bias-O # FD # CLIP-I " DINO " Bias-O # FD # CLIP-I " DINO "

Stable Diffusion v1.5

SD 0.73(±0.05) 0.45(±0.03) - - 0.54(±0.02) 0.17(±0.01) - -
FairD 0.79(±0.04) 0.45(±0.02) 75.91(±0.56) 0.53(±0.02) 0.50(±0.02) 0.15(±0.01) 74.33(±0.68) 0.53(±0.02)

UCE 0.78(±0.07) 0.48(±0.04) 82.72(±0.81) 0.70(±0.02) 0.44(±0.03) 0.13(±0.01) 90.15(±0.70) 0.83(±0.02)

FinetuneFD 0.38(±0.07) 0.22(±0.04) 76.17(±0.68) 0.57(±0.01) 0.20(±0.03) 0.07(±0.01) 74.57(±0.53) 0.54(±0.01)

FairMapping 0.46(±0.05) 0.30(±0.03) 76.00(±0.66) 0.53(±0.02) 0.34(±0.02) 0.10(±0.01) 76.54(±0.71) 0.54(±0.02)

BalancingAct 0.41(±0.05) 0.24(±0.03) 77.37(±0.64) 0.55(±0.02) 0.34(±0.02) 0.07(±0.01) 77.44(±0.72) 0.55(±0.02)

TI 0.56(±0.06) 0.33(±0.04) 75.43(±0.54) 0.54(±0.02) 0.47(±0.03) 0.14(±0.01) 67.96(±0.84) 0.43(±0.04)

AITTI 0.41(±0.06) 0.25(±0.02) 77.25(±0.44) 0.56(±0.02) 0.25(±0.04) 0.08(±0.02) 85.43(±0.47) 0.79(±0.01)

TIME 0.65(±0.04) 0.40(±0.02) 73.71(±0.69) 0.52(±0.02) 0.39(±0.04) 0.12(±0.01) 76.53(±0.68) 0.54(±0.02)

MIST 0.39(±0.05) 0.22(±0.03) 76.67(±0.35) 0.55(±0.01) 0.26(±0.03) 0.08(±0.01) 83.25(±0.75) 0.76(±0.02)

FairSM 0.65(±0.04) 0.43(±0.02) 74.23(±0.59) 0.52(±0.02) 0.42(±0.03) 0.13(±0.01) 72.83(±0.60) 0.51(±0.03)

SANER 0.52(±0.02) 0.35(±0.02) 75.28(±0.77) 0.52(±0.02) 0.45(±0.03) 0.13(±0.02) 73.64(±0.51) 0.50(±0.02)

DEAR 0.73(±0.05) 0.45(±0.03) - - 0.54(±0.02) 0.17(±0.01) - -
EntiGen 0.46(±0.05) 0.27(±0.03) 71.89(±0.68) 0.50(±0.01) 0.37(±0.04) 0.09(±0.01) 69.56(±0.74) 0.47(±0.01)

ITI-GEN 0.39(±0.06) 0.18(±0.04) 68.82(±0.59) 0.45(±0.02) 0.31(±0.04) 0.10(±0.01) 66.97(±0.57) 0.42(±0.01)

LightFair (Ours) 0.30(±0.08) 0.17(±0.04) 80.09(±0.76) 0.63(±0.02) 0.18(±0.04) 0.06(±0.01) 86.31(±0.70) 0.81(±0.02)

Stable Diffusion v2.1

SD 0.85(±0.05) 0.54(±0.03) - - 0.63(±0.01) 0.21(±0.01) - -
debias VL 0.43(±0.09) 0.28(±0.05) 70.01(±0.96) 0.49(±0.02) 0.49(±0.03) 0.14(±0.01) 67.42(±0.96) 0.46(±0.02)

UCE 0.90(±0.04) 0.59(±0.02) 87.94(±0.86) 0.71(±0.02) 0.50(±0.03) 0.16(±0.01) 80.46(±1.13) 0.64(±0.02)

EntiGen 0.42(±0.03) 0.25(±0.02) 69.22(±1.12) 0.49(±0.02) 0.55(±0.03) 0.14(±0.01) 65.34(±1.02) 0.45(±0.02)

LightFair (Ours) 0.33(±0.10) 0.21(±0.05) 75.29(±0.99) 0.63(±0.02) 0.40(±0.03) 0.11(±0.01) 77.47(±1.05) 0.53(±0.03)
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I.2 Expanded Version of Qualitative Results

Here, we present an expanded version of qualitative results. Fig. 12 showcases the outcomes of our
gender-debiased SD v1.5 and v2.1, while Fig. 13 highlights the results of our race-debiased SD v1.5
and v2.1. Fig. 14 and Fig. 15 present the visual comparison between our debiased SD and those of
other competitors.

(a) Prompt: “Photo portrait of a doctor, a person”. Left: original SD v1.5. Right: our gender-debiased SD v1.5.

(b) Prompt: “Photo portrait of an artist, a person”. Left: original SD v1.5. Right: our gender-debiased SD v1.5.

(c) Prompt: “Photo portrait of a taxi driver, a person”. Left: original SD v2.1. Right: our gender-debiased SD
v2.1.

(d) Prompt: “Photo portrait of a CEO, a person”. Left: original SD v2.1. Right: our gender-debiased SD v2.1.

Figure 12: Expanded version of qualitative results. Images generated by the original SD (left) and
our debiased SD (right). For the same prompt, the images in corresponding positions are generated
using the same random noise. Bounding boxes denote detected faces (Gender: Male, Female; Race:
White, Asian, Black).
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