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Abstract

Recent advances in generative models have sparked re-
search on improving model fairness with AI-generated data.
However, existing methods often face limitations in the di-
versity and quality of synthetic data, leading to compro-
mised fairness and overall model accuracy. Moreover,
many approaches rely on the availability of demographic
group labels, which are often costly to annotate. This pa-
per proposes AIM-Fair, aiming to overcome these limita-
tions and harness the potential of cutting-edge generative
models in promoting algorithmic fairness. We investigate
a fine-tuning paradigm starting from a biased model ini-
tially trained on real-world data without demographic an-
notations. This model is then fine-tuned using unbiased syn-
thetic data generated by a state-of-the-art diffusion model
to improve its fairness. Two key challenges are identified
in this fine-tuning paradigm, 1) the low quality of syn-
thetic data, which can still happen even with advanced
generative models, and 2) the domain and bias gap be-
tween real and synthetic data. To address the limitation
of synthetic data quality, we propose Contextual Synthetic
Data Generation (CSDG) to generate data using a text-to-
image diffusion model (T2I) with prompts generated by a
context-aware LLM, ensuring both data diversity and con-
trol of bias in synthetic data. To resolve domain and bias
shifts, we introduce a novel selective fine-tuning scheme in
which only model parameters more sensitive to bias and
less sensitive to domain shift are updated. Experiments
on CelebA and UTKFace datasets show that our AIM-
Fair improves model fairness while maintaining utility, out-
performing both fully and partially fine-tuned approaches
to model fairness. The code is available at https://
github.com/zengqunzhao/AIM-Fair.

1. Introduction

Recent research has raised significant concerns about fair-
ness and bias in machine learning models [30]. These mod-
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Figure 1. Facial attributes classification (FAC) on the CelebA
dataset based on different training strategies, in which Smiling
is the target attribute and Gender is the protected attribute. This
shows different learning strategies result in variable model util-
ity (Overall Accuracy) vs. model fairness (Worst Group Accuracy
and Equalized Odds) on demographic groups. A model trained
solely on real data if biased exhibits high accuracy but poor fair-
ness scores. Conversely, models trained on balanced synthetic
data show better fairness but poorer accuracy due to a “domain
gap” between the real and synthetic data, and a lack of selective
model fine-tuning when synthetic data is deployed. Strategies to
repair imbalances in real data [9, 56] or to supplement real data
with synthetic data [47] marginally increase accuracy but do lit-
tle to improve fairness. Our method for selective fine-tuning of a
pre-trained (biased) model with synthetic data not only preserves
model accuracy but also substantially improves fairness, outper-
forming fully fine-tuning (FFT) in both model utility and fairness.

els often demonstrate varying performance across different
demographic groups, leading to unfair outcomes. To miti-
gate the spurious correlation caused by learning from imbal-
anced (biased) data, regularizations were used as optimiza-
tion objectives [1, 10, 12, 23]. Methods like distribution-
ally robust optimization (DRO) [12] optimizes the worst-
case performance, while invariant risk minimization (IRM)
[1] learns unbiased representations with invariance to dif-
ferent environments. Influenced by the success of repre-
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Figure 2. The effects of selective fine-tuning by layer-wise freezing from facial attribute classifications on the CelebA dataset, with Smiling
as the target attribute and Male as the protected attribute: When only the fully connected (FC) layer is frozen the model shows improved
worst demographic group accuracy and reduced equalized odds, i.e. more fair, but sacrifices some utility (overall accuracy). This indicates
increased cross-domain generalisability (real and synthetic). Conversely, freezing only block 2 while fine-tuning the remaining parameters
results in high overall accuracy but poorer fairness, i.e. further enhanced domain-bias specificity. When only block 1 is frozen, the model
not only maintained equalized odds but also increased utility (overall accuracy) and worst group accuracies.

sentation learning [51], attempts were made to learn a fair
feature representation invariant to protected facial attributes
[6, 29, 34, 54]. However, these methods rely on demo-
graphic group labelling, often unavailable in practice [2, 4].
More recent advances in generative models have utilized
generative augmentation for a more balanced training data
distribution [8, 9, 17, 36, 40, 59]. These techniques primar-
ily focus on image editing, either on real data [36, 40] or
synthetic data [9], to create less biased training data. Yet,
these methods still require additional group annotations of
the data they edit. To address this limitation, DiGA [59]
proposed to create an unbiased training set by editing spuri-
ous facial attributes to a random degree while keeping a tar-
get facial attribute unchanged without knowing each sam-
ple’s group label. However, DiGA increases training data
size multiple times, leading to substantially higher training
costs, and the quality of generated data is limited due to the
unknown group labels.

Recent advancements in text-to-image generative mod-
els showcase impressive data fidelity [43], yet their po-
tential for improving fairness through data expansion has
not been fully explored by the fairness community. This
raises the question: can AI-generated synthetic data play

a crucial role in mitigating biases within machine learn-

ing models? This research question is particularly impor-
tant given the successful application of AI-generated data in
fine-tuning large language models (LLMs) [11], data aug-
mentation [64], and long-tail recognition [47], alongside
some reported limitations of synthetic data effectiveness
[49]. This work presents a comprehensive empirical investi-
gation into whether fine-tuning high-quality, balanced gen-
erative data from a contemporary text-to-image model can
counteract model biases caused by training on imbalanced
real data. We identify two key challenges in bias-correcting
fine-tuning with synthetic data: (1) A data-related chal-
lenge arising from linguistic ambiguity of the textual prompt
and/or model misrepresentation [48, 57], which results in
low-quality and low-diversity generated data. (2) A model
learning challenge caused by both a domain shift (synthetic
vs. real) and a bias shift (unbiased vs. biased) between

the real and the synthetic data. Fine-tuning blindly on the
synthetic will result in a model with decreased utility.

To address the data quality issue, we propose Contex-
tual Synthetic Data Generation (CSDG). Existing Latent
Diffusion Models (LDMs) [3, 36, 41, 45] often use vision-
language models, such as CLIP, for cross-modality align-
ment. To yield more diverse and better fine-grained image
generation, we formulate a contextual synthetic data gener-
ation strategy that uses more detailed text descriptions from
expansive linguistic expressions of LLMs to condition an
LDM with richer, context-driven text. As a result, the gener-
ated images cover more scenarios and provide more details,
enhancing diversity and mitigating bias in real data. In con-
trast to other methods that edit or manipulate real data sam-
ples, a key strength of our method is that it does not require
annotating the Protected Group Attributes of real data.

The model learning challenge is due to the existence
of two types of shifts between the generated and the real
data, namely, the desired bias shift and the undesired do-
main shift (image quality, realism, scene characteristics).
To address this challenge we propose to locate and update
model parameters that are more sensitive to the bias shift
and less sensitive to the domain shift. Our observation is
that some parameters are more sensitive to data distribu-
tion shift (cross-domain generalisability) – we call domain-
sensitive parameters, while others are more sensitive to
demographic group discrepancies (real data domain bias
specificity), which we call fairness-sensitive parameters.
This observation is supported by the experiments shown in
Fig. 2. This is from fine-tuning a real data pre-trained model
on balanced synthetic data while keeping parameters at dif-
ferent layers frozen. To identify which parameters to up-
date, we propose a novel selection scheme in which the gra-
dient differences between the updates by the real (biased)
dataset and two synthetic datasets with one unbiased and
another biased. Ranking the gradient differences between
the synthetic-biased data and the synthetic-unbiased data
reveals parameters sensitive to fairness (fairness-sensitive
parameters). In contrast, inverse ranking the gradient dif-
ferences between the real data and the synthetic-biased data
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Figure 3. A selective fine-tuning model consisting of three parts: (1) Contextual Synthetic Data Generation (CSDG) for generating
diverse images using GPT-4 generated prompts, (2) Selective Mask Generation (SMG) for creating a selection mask that determines which
parameters are updated during fine-tuning, and (3) Selective Fine-Tuning (SFT) to enhance model fairness obtained from synthetic data
whilst simultaneously to preserve model utility yielded from real data in pre-training.

discovers parameters less sensitive to domain shift (domain-
insensitive parameters). In fine-tuning, a selection mask is
constructed as the intersection of the top-k rankings. This
selection mask is applied to initialize the pre-trained model,
so that only the selected parameters are updated using the
balanced synthetic data.

Fig. 1 presents a comparison of the results across various
training strategies using real and/or synthetic data. Fig 3
shows an overview of our model, which consists of three
parts: Contextual Synthetic Data Generation (CSDG), Se-
lective Mask Generation (SMG), and Selective Fine-Tuning
(SFT). CSDG uses a pre-trained and fixed LDM to generate
high-quality images, where a series of contextual prompts
serve as the conditions. SMG creates a selection mask
that determines which parameters are updated during fine-
tuning. SFT is designed to correct bias in the model. We
initialize a pre-trained model using the parameter selection
mask. Then the model is fine-tuned on balanced synthetic
data to enhance its fairness while retaining the model utility.
Our contributions are as follows:
• We investigate a fine-tuning paradigm that mitigates

model bias stemming from unbalanced real data using
synthetic data generated by a text-to-image (T2I) process
without requiring demographic group annotations.

• We design contextual synthetic data generating by using a
T2I diffusion mode with prompts generated by a context-
aware LLM, ensuring both data diversity and control of
bias in synthetic data.

• We introduce a selective fine-tuning method for fair
model learning, which identifies domain-sensitive and
fairness-sensitive parameters for improving model fair-
ness and utility simultaneously.

• Our method outperforms both full and partial fine-tuning
methods and achieves superior performance compared to
state-of-the-art methods across several datasets.

2. Related Work

Mitigating Model Bias. Current methods for model fair-
ness can be categorized into three types: pre-processing,
in-processing, and post-processing. Pre-processing ap-
proaches modify sample distributions of protected vari-
ables or perform transformations to remove discrimination
from the data. Many recent works use generative mod-
els to create balanced, unbiased datasets [36, 40, 58]. In-
processing methods incorporate fairness metrics into model
optimization to maximize both performance and fairness
[1, 10, 12, 20, 23, 55]. Some studies explore mitigating
bias without group annotations, such as Just Train Twice
(JTT) [24], which upweights misclassified examples to im-
prove worst-group performance, and Cross-Tisk Minimiza-
tion (XRM) [37], which trains twin classifiers to reduce spu-
rious correlations. Post-processing methods apply transfor-
mations to model outputs to improve fairness, such as model
calibration [25, 33, 38] and thresholding [5, 13] to align
predicted positive outcomes with actual positive examples
across groups. Our method falls within the pre-processing
paradigm, but instead of simply balancing real data with
synthetic data, we focus on using synthetic data to enhance
model fairness.
Improving Model Fairness on Generative Data. Genera-
tive models have advanced rapidly in recent years [43, 46],
with several studies exploring their use to improve model
fairness through generative data [9, 17, 59]. Much of
the prior research has focused on generating counterfactual
samples to assess fairness [8, 17], and generative methods
have also made strides in bias mitigation by creating bal-
anced, unbiased datasets [36, 40, 58]. Instead of generating
counterfactual samples based on real data, D’Incà et al. [9]
use a diffusion model for uncontrolled image generation,
followed by manipulation of the synthetic images in a se-
mantic space. However, these approaches require additional
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group annotations. Zhang et al. [59] use generative mod-
els to identify spurious attributes that may bias the model,
then edit each image to modify these attributes. They train
a fair FAC model on the augmented dataset, enhancing
its invariance to these spurious variations. While this ap-
proach does not require protected group labels for training
the FAC model, annotations are still needed to train the gen-
erative models that detect and edit spurious attributes. Addi-
tionally, generating accurate counterfactual images remains
challenging, as the edits are applied randomly to images
without known protected attributes. In contrast, our method
uses generative data from a text-to-image LDM, enabling
greater control over the diversity of the generated data and
allowing a broader range of scenarios and variations.
Model Fine-Tuning. A common approach to transfer learn-
ing in the presence of distribution shifts is to fine-tune the
last few layers of a pre-trained model, retaining the learned
features while adapting to the new task [27, 65]. To prevent
overfitting during this fine-tuning process, existing methods
suggest using a smaller learning rate compared to the initial
pretraining phase [21], freezing the early backbone layers
and gradually unfreezing them [15], or applying different
learning rates to each layer [42]. Lee et al. [22] intro-
duced surgical fine-tuning, which showed that selectively
fine-tuning a subset of layers can either match or outper-
form conventional fine-tuning strategies. Recent research
[19] indicates that training a carefully selected subset of lay-
ers while keeping the remaining weights frozen at their ini-
tial values can lead to varying contributions from different
layers across the network to overall performance. Our pro-
posed method inherits some common findings from these
works but we further investigated with parameters-wise se-
lective fine-tuning, which details the parameters’ sensibility
to the property from the pre-train data distribution and the
property from the downstream data distribution.

3. Methods

This section first introduces how to generate contextual syn-
thetic data with LLM-generated prompts. Then, we detail
how to obtain the parameters selection mask. Finally, we
present how to conduct model fair fine-tuning with a se-
lection mask on balanced synthetic data. We provide the
algorithm for the selective fine-tuning in the Appendix.
3.1. Contextual Synthetic Data Generation

Our method attempts to correct the biased model trained on
imbalanced real data by fine-tuning on balanced synthetic
data, so the quality of the synthetic data is crucial to the suc-
cess of fair learning. Although current text-to-image models
have demonstrated remarkable performance, several studies
indicate that directly expressing the desired attributes in the
prompt often results in sub-optimal outcomes due to lin-
guistic ambiguity or model misrepresentation [48, 57]. For
example, as shown in Fig. 4, to generate a face photo with

Head PosesAges Hairstyle Accessories

Plain Prompt: "Portrait face photo of a smiling male."

Multiply Contextual Prompts: {Basic Prompt}, {Specific Facial 

Features}, {Hair Characteristics}, {Accessories}, {Head Poses}

Figure 4. Generated images of Smiling Male conditioned on dif-
ferent prompts. Compared to the plain prompt, our contextual
prompts enhance the diversity. More on UTKFace in Appendix.

both target and protected attributes, one might use a prompt
like “Portrait face photo of a smiling male.” as suggested
in [56]. However, such manually designed prompts may
lead to stereotypical image generation, excluding certain at-
tributes or minority groups, which in turn can introduce bias
in other attributes, such as age or hairstyle [57].

The recent work in zero-shot [31] and supervised [62]
classification suggest that leveraging additional contex-
tual and detailed information can enhance vision-language
alignment. Considering current text-to-image models [3,
36, 41, 45] often use vision-language models, such as CLIP
[39], for cross-modality alignment, we propose a contextual
synthetic data generation strategy that leverages the power-
ful linguistic capabilities of large language models, such as
GPT-4, to condition an LDM with richer and context-driven
text. As a result, the generated images cover more scenarios
and provide more details, enhancing diversity and mitigat-
ing the bias in the characteristics not involved in the target
and protected. The structure of the CSDG is shown in the
upper right of Fig. 3.

Concretely, the instruction provided for the GPT-4 model
following the format: “{Task}, {Number of Prompts},
{Target Attribute}, {Protected Attribute}, {Other Detailed
Descriptions}, and {Prompt Format}”. For generating fa-
cial photos, for example, the other detailed descriptions
contain specific facial features, hair characteristics, eye-
related details, and head orientation or angle. Our text-
to-image generation model is a pre-trained latent diffusion
model–Stable Diffusion (SD) [43], which reverses noises
applied to the latent embedding of images. SD contains a
variational autoencoder (VAE) [28], a CLIP text encoder
[39], and a U-Net [44]. During the inference, the random
Gaussian noise ωt → N (0, I) and the contextual prompt
features c = (w1, w2, . . . , wn) encoded via a CLIP text
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encoder !(·) will be fed into the U-Net to condition the
denoising process, where n is the number of the contex-
tual prompts. We provide detailed instruction and con-
textual prompts in the Appendix. The empirical results in
Tab. 5 demonstrate that the generated contextual synthetic
data mitigate domain shift and improve model fairness.
3.2. Selective Mask Generation

As recent studies [50, 53, 64] have mentioned, synthetic
data often fail to align with the real data distribution due
to domain shift, suggesting that fine-tuning the pre-trained
model directly on the balanced synthetic data may not learn
the desired properties effectively. This is caused by the fact
that there is both a domain shift (synthetic vs. real) and
a bias shift (unbiased vs. biased) between the real and the
synthetic data, and fine-tuning with the domain shift will re-
sult in a model with decreased utility. The empirical finding
shown in Fig. 2 demonstrates that when fine-tuning a real
data pre-trained model on balanced synthetic data, some
parameters are more sensitive to the data distribution shift,
called domain-sensitive parameters, while some are more
sensitive to group discrepancies, called fairness-sensitive
parameters. To discover the parameters’ sensibility towards
different scenarios, we propose to construct three distinct
datasets with different distributions to elicit the model re-
sponses by calculating the parameter-wise gradients.

We aim to fine-tune a pre-trained model fω(x) to im-
prove fairness while accounting for domain differences be-
tween real and synthetic data, hence, we want to find
the parameters which are more sensitive to fairness while
less sensitive to domain shift. Specifically, we start
by constructing three different datasets: biased real data
{(x(R)

i , y(R)
i )}NR

i=1 ↑ DR representing training data with in-
herent biases, biased synthetic data {(x(S1)

i , y(S1)
i )}NS1

i=1 ↑
DS1 mirroring the unfairness of the real data, and unbiased
synthetic data {(x(S2)

i , y(S2)
i )}NS2

i=1 ↑ DS2 designed to be
fair, mitigating biases. NR, NS1 , and NS2 is the image
number of the corresponding dataset.

We then compute the gradients gR, gS1, and gS2 of the
loss function L(ε;x, y), which is defined from a binary soft-
max loss. Rather than considering fine-grained, scalar-wise
parameters, we select parameters at the level of weights and
biases, denoted by ε, which includes weights W (l) and bi-
ases b(l) for the Convolution Layer, Batch Normalization,
and Fully Connected Layer, where l refers to the layer in-
dex. Then, for the model parameters ε on each dataset:

gR =
1
NR

NR∑

i=1

→ωL(ω;x(R)
i , y(R)

i ) (1)

gS1
=

1
NS1

NS1∑

i=1

→ωL(ω;x(S1)
i , y(S1)

i ) (2)

gS2
=

1
NS2

NS2∑

i=1

→ωL(ω;x(S2)
i , y(S2)

i ) (3)

where ↓ is the gradient operator. We then calculate the
gradient differences to capture how each parameter behaves
across different data distributions. For parameter εj :

”1,j =
∣∣gR,j ↔ gS1,j

∣∣

”2,j =
∣∣gS1,j ↔ gS2,j

∣∣ (4)

where ”1 measures parameters sensitive to the domain shift
while ”2 identifies parameters crucial for fairness, j de-
notes the index of all the parameters. To obtain the parame-
ters which are less affected by domain differences and more
impactful for fairness, we conduct a ranking in ascending
order on ”1 (smaller differences first) and a ranking in de-
scending order on ”2 (larger differences first):

R1 = argsort(”1);R2 = argsort(↔”2) (5)
Then we can find the intersections from the top-k param-

eters are both less sensitive to the domain gap and signifi-
cant for fairness by K = K1 ↗K2, where

K1 = {εj | j ↑ R1[1 : k]}
K2 = {εj | j ↑ R2[1 : k]}

(6)

Finally, the selection mask can be obtained by:

Mj =

{
True, if εj ↑ K

False, otherwise
(7)

3.3. Selective Fine-Tuning on Synthetic Data

Our goal is to fine-tune the pre-trained model fω(x) on the
balanced synthetic dataset DS2 following the ERM frame-
work, while only updating selected parameters as indicated
by the mask M . Specifically, given the model fω(x) pre-
trained on the biased real data, balanced synthetic data
{(x(S)

i , y(S)
i }NS2

i=1 , and the parameters selection mask M ,
during optimization, we apply the mask to the gradients so
that only the selected parameters are updated:

ε(t+1) = ε(t) ↔ ϑ
(
M ↘↓ωL

(
fω(t)(x

(S2)
i ), y(S2)

i

))
(8)

where ε(t) are the parameters at iteration t, ϑ is the learning
rate, and ↘ denotes element-wise multiplication. Notably,
once the mask M is provided by SMG, it will be applied
throughout the entire fine-tuning optimization process.

4. Experiments

This section presents the experimental setup and results. We
begin by describing the datasets, followed by the implemen-
tation details. The main results and ablation studies are pre-
sented at the end.
4.1. Datasets

CelebA [26] contains over 200,000 facial images with 40
binary attribute annotations. Following the setting of the
previous works [35, 58, 59], we set Male and Young to pro-
tected attributes and selected Smiling and Young as the tar-
get attribute which has the highest correlation with the pro-
tected attributes. For each experiment, we randomly sample
a biased subset as a training dataset with a size of 20,000
images, where the majority group and minority group have
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Table 1. Comparisons to other methods on the CelebA dataset un-
der settings of varied target and protected attributes.

Methods T: Smiling, P: Male T: Smiling, P: Young T: Young, P: Male

ACC (↑) WST(↑) EO (↓) ACC (↑) WST(↑) EO (↓) ACC (↑) WST(↑) EO (↓)

ERM [14] 88.20 70.10 25.30 88.30 71.50 15.60 77.70 42.00 52.00
CVaR DRO [23] 87.30 74.00 22.80 87.00 76.10 13.90 75.40 42.30 48.80

EIIL [7] 87.90 75.60 19.70 87.90 72.50 13.30 77.50 45.60 39.20
LfF [32] 87.10 77.50 17.00 85.30 72.90 14.30 77.40 44.20 43.60
JTT [24] 88.00 74.80 19.40 87.60 73.30 14.20 76.30 43.60 47.70

MAPLE [63] 88.10 72.00 19.60 88.10 73.60 13.60 76.30 46.20 43.50
DiGA [59] 88.40 81.90 7.40 89.10 78.50 9.50 80.00 51.30 33.30

AIM-Fair (Ours) 89.02 84.20 6.07 90.21 87.78 5.44 78.19 54.89 28.18

Table 2. Comparisons to other methods on the CelebA dataset
(T=Smiling, P=Male) under settings of training set sizes.

Methods Samples Ratio = 50% Samples Ratio = 25% Samples Ratio = 10%

ACC (↑) WST(↑) EO (↓) ACC (↑) WST(↑) EO (↓) ACC (↑) WST(↑) EO (↓)

ERM [14] 87.50 67.80 26.10 87.10 65.90 27.70 86.90 62.80 28.90
CVaR DRO [23] 86.60 72.90 22.10 86.60 72.30 22.40 85.50 69.10 27.30

EIIL [7] 86.20 71.30 22.50 85.90 69.60 25.40 86.80 64.20 26.70
LfF [32] 86.90 75.50 19.40 85.90 72.10 23.60 85.50 66.10 27.70
JTT [24] 87.30 72.90 20.10 86.70 71.10 20.60 86.80 67.10 23.10

MAPLE [63] 87.40 73.70 23.80 87.00 72.70 24.20 85.60 69.20 27.10
DiGA [59] 88.40 81.10 7.80 88.40 78.30 8.00 88.30 78.80 8.40

AIM-Fair (Ours) 88.85 83.99 6.28 88.89 82.54 7.59 87.90 81.73 8.16

90% and 10% of the sample size respectively. We re-
port performance on the whole original test dataset. UTK

Face [60] consists of over 20,000 facial images with three
kinds of annotations: gender, age, and ethnicity. Following
the experimental setup in the previous works [17, 18, 59],
we define a binary spurious attribute “Ethnicity” based on
whether the facial image is white or not. The task is to pre-
dict the Gender. We randomly sample a biased subset of
10,000 images, with the same bias degree as CelebA. We
also construct a balanced and unbiased test dataset consist-
ing of 3,200 images.

4.2. Fairness Metrics

Our goal is to learn a fair and accurate model. For model
utility, we present the overall accuracy (ACC) and group
accuracy. For fairness, follow previous work [35, 58, 59]
we use equalized odds (EO) [13], defined as:
∑

→y,ŷ

∣∣∣Ps0(Ŷ = ŷ | Y = y)↔ Ps1(Ŷ = ŷ | Y = y)
∣∣∣ ,
(9)

where
∑

is the averaged sum, Y target label, Ŷ classifier
predictive label, and s0, s1 ↑ S protected attributes. The
worst-group accuracy (WST) defined as:

min
→y↑Y,→s↑S

Ps(Ŷ = y | Y = y) (10)
and group standard deviation (STD) [52] defined as:

std
→y↑Y,→s↑S

Ps(Ŷ = y | Y = y) (11)

4.3. Implementation Details

Following previous work [59], we use ResNet-18 [14] as
the backbone for all experiments. We use stable diffusion
v2.1 as our latent diffusion model for generating images.
We generated 10,000 images for each group and then ran-
domly sampled NS . To be consistent with the real data im-
age number NR, we set the NS = NR/G, where G is the
group number. During the pre-training phase, we set the
batch size to 128 and trained the model for 15 epochs. The
initial learning rate was set to 0.01, which was then reduced
by a factor of 0.01 at the 10th epoch. During the fine-tuning
phase, we set the batch size to 128 and trained the model for
10 epochs. And the learning rate is searched from {0.4, 0.5,
0.6}. All models are optimized by the SGD optimizer and
trained on the Tesla A100 GPU based on the open-source
PyTorch platform. To obtain more stable and reliable re-
sults, we conducted all experiments 10 times with different

random seeds and then used the average as the final result.

4.4. Comparisons to State of the Art

We compared our method against seven contemporary tech-
niques, including the baseline ERM [14] method and six
debiasing models all of which do not require protected at-
tribute labels: Two regularization-based methods (CVaR
DRO [23] and EIIL [7]); three reweighting-based methods
(LfF [32], JTT [24], and MAPLE [63]); and generative-
model-based method (DiGA [59]). Our comparison covers
two settings: different target and protected attributes and
varying numbers of target labels.

Tab.1 shows that ERM achieves good accuracy but suf-
fers from significant unfairness. Other debiasing methods,
while improving fairness to some extent, generally sacrifice
accuracy. DiGA [59] improves fairness while maintaining
accuracy by using a generative model to edit real data and
create more balanced training data. In contrast, our method
generates images from scratch using a text-driven latent dif-
fusion model. It is evident that our method outperforms the
best of the existing models DiGA [59] in both fairness and
accuracy in all categories, except “Young / Male” where we
come close second to DiGA. We outperform all other meth-
ods consistently. We also conducted comparisons with other
methods under smaller training set sizes, with the subsam-
pling ratio of 50%, 25%, and 10%. Tab. 2 shows that our
method outperforms all others consistently, except on ACC
score for Lable Ratio at 10% where we come close sec-
ond to DiGA. Critically, our method maintains robust model
utility and fairness even with varying amounts of real train-
ing data, with these improvements attributed to the selective
updating with balanced synthetic data.

4.5. Ablation Analysis

Comparisons of Different Training Strategies. To eval-
uate the effectiveness of the proposed selective fine-tuning,
we first compare our method with several other strategies
trained on different types of data. These include the base-
line, which trains the model using conventional ERM on
real data, training the model solely on synthetic data, sup-
plementing real data with synthetic data [47], and balancing
the real data [9, 56]. Furthermore, we compare common
fine-tuning methods, such as linear probing and full fine-
tuning.

The results in Tab. 3 indicate that both data supplemen-
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Table 3. Comparisons of varied training strategies on CelebA and UTKFace datasets.

Methods Target
CelebA UTKFace

Protected T: Smiling; P: Male Protected T: Smiling; P: Young Protected T: Female; P: White

P=0 P=1 ACC (↑) WST (↑) EO (↓) STD (↓) P=0 P=1 ACC (↑) WST (↑) EO (↓) STD (↓) P=0 P=1 ACC (↑) WST (↑) EO (↓) STD (↓)

Baseline [14] T=0 83.57 98.50 89.23 71.52 23.84 10.65 78.72 96.09 90.19 78.72 17.37 6.92 79.58 96.16 88.86 79.58 16.59 7.26T=1 95.36 71.52 94.37 86.42 95.75 83.96

Trained on
Synthetic Data

T=0 86.82 89.40 85.98 78.52 7.87 4.07 85.45 85.76 85.12 82.42 3.50 1.34
82.71 88.12 85.44 82.71 5.50 1.96T=1 86.39 78.52 82.42 85.27 84.90 86.04

Data
Supplementation [47]

T=0 84.39 98.39
89.77 73.67 21.96 9.76 78.05 95.36 90.35 78.05 17.31 7.02 82.12 93.97

90.25 82.12 11.85 5.24T=1 95.40 73.67 94.90 87.62 95.62 89.28

Data
Repairing [9, 56]

T=0 82.82 98.10 89.72 75.05 21.18 9.50 79.50 95.19
90.68 79.50 15.69 6.30 81.15 94.22 89.42 81.15 13.37 5.89T=1 96.04 75.05 94.51 88.35 95.71 86.61

Linear Prob T=0 84.55 96.22 89.69 77.41 17.51 7.71 85.20 93.81 90.14 85.20 8.61 3.18 81.06 91.51 88.40 81.06 10.59 5.14T=1 94.82 77.41 90.43 87.88 94.59 86.42

Fully Fine-Tuning T=0 88.81 91.62 88.77 82.74 6.83 3.31 85.98 90.06 87.85 85.98 4.37 1.68 83.00 88.04 87.90 83.00 5.40 2.99T=1 89.55 82.74 86.02 86.81 90.74 89.83

AIM-Fair (Ours)
T=0 88.16 91.40 89.02 84.20 6.07 2.74

88.19 93.64 90.21 87.78 5.44 2.34 84.26 89.08 88.30 84.26 4.81 2.41T=1 90.25 84.20 88.98 87.78 90.62 89.25

Table 4. Comparisons of varied partial fine-tuning strategies on CelebA and UTKFace datasets.

Methods Target
CelebA UTKFace

Protected T: Smiling; P: Male Protected T: Smiling; P: Young Protected T: Female; P: White

P=0 P=1 ACC (↑) WST (↑) EO (↓) STD (↓) P=0 P=1 ACC (↑) WST (↑) EO (↓) STD (↓) P=0 P=1 ACC (↑) WST (↑) EO (↓) STD (↓)

Best Random
Selection

T=0 87.93 92.81 89.33 82.17 9.14 4.09 85.52 91.53 88.95 85.52 6.02 2.16 83.50 88.85 87.92 83.50 5.38 2.61T=1 91.31 82.17 88.25 87.63 90.30 89.01

Best Sub-Tuning [19]
(By Updating One Block)

T=0 87.50 94.75
90.04 80.64 12.45 5.52 87.28 94.63

90.33 87.28 7.34 3.00 83.05 89.56
89.01 83.05 6.51 3.56T=1 93.09 80.64 89.15 87.32 92.07 91.34

Best Sub-Tuning [19]
(By Freezing One Block)

T=0 88.69 91.09 89.06 83.48 7.00 3.00 86.55 91.89 88.65 86.55 5.34 2.25 83.58 88.34 87.42 83.58 4.76 2.23T=1 90.48 83.48 87.08 86.55 88.96 88.81

Selective Fine-Tuning
(Cosine Similarity)

T=0 86.07 91.77 88.85 83.33 8.40 3.61 87.43 92.96 90.26 87.43 5.53 2.05
83.72 88.82 88.21 83.72 5.10 2.64T=1 91.53 83.33 89.52 88.65 90.14 90.15

AIM-Fair (Ours)
(Absolute Difference)

T=0 88.16 91.40 89.02 84.20 6.07 2.74
88.19 93.64 90.21 87.78 5.44 2.34 84.26 89.08 88.30 84.26 4.81 2.41T=1 90.25 84.20 88.98 87.78 90.62 89.25

tation and data repairing do not significantly improve fair-
ness. Data supplementation, which combines biased real
data with balanced synthetic data for co-training, makes it
difficult for the model to learn fairness properties from the
synthetic data because of the domain gap. While data re-
pairing can create balanced training data, the domain shift
between real and synthetic data limits the effectiveness of
fair learning. Common transfer learning methods, such as
linear probing and full fine-tuning, also face challenges due
to domain shifts. Specifically, linear probing is affected
by discrepancies in feature representations, while full fine-
tuning improves fairness at the cost of reduced model utility.

Comparisons of Different Partial Fine-Tuning. We also
compare our method with other partial fine-tuning ap-
proaches, including random selection and sub-tuning [19].
For random selection, we set the updating ratios at 40%,
55%, 70%, and 85%, and select the best result as the fi-
nal one. For sub-tuning, we perform block-wise fine-tuning
and block-wise freezing (i.e., updating one block or freez-
ing one block while updating the rest), also selecting the
block with the best result.

Tab. 4 shows that fine-tuning only one block consistently
yields the best accuracy, but at the cost of fairness, while
freezing one block tends to improve fairness but often sac-
rifices model utility. This demonstrates that coarse-grained
approaches, such as block-wise updating or freezing, strug-

Table 5. Classification results on CelebA dataset (T=Smiling,
P=Male) under settings of different prompt types and numbers.

Prompt Types
(Number) Targe Protected T: Smiling; P: Male Protected T: Smiling; P: Young

P=0 P=1 ACC
(↑)

WST
(↑)

EO
(↓)

STD
(↓) P=0 P=1 ACC

(↑)
WST
(↑)

EO
(↓)

STD
(↓)

Plain
Prompt (1)

t=0 65.18 89.44 71.65 43.28 34.20 17.07 83.10 77.72 72.75 59.53 9.30 8.96t=1 77.47 43.28 59.53 68.83

Contextual
Prompts (25)

t=0 77.12 89.25 81.85 69.73 16.3 7.65 76.72 67.90 79.80 67.90 8.82 8.75t=1 85.99 69.73 85.16 91.09

Contextual
Prompts (50)

t=0 89.47 89.80 82.66 72.22 5.07 7.66 87.72 90.43
85.85 79.67 4.36 4.20t=1 77.26 72.22 79.67 82.67

Contextual +
Head Poses (50)

t=0 86.82 89.40
85.98 78.52 7.87 4.07

85.45 85.76 85.12 82.42 3.50 1.34t=1 86.39 78.52 82.42 85.27

gle to achieve an optimal balance between model utility and
fairness. In contrast, our method performs fine-grained,
parameter-wise updating, which allows the model to en-
hance fairness while maintaining utility. As a result, our
method achieves the best worst-group accuracy while pre-
serving high overall accuracy.

Additionally, our method uses gradient differences to
identify parameter sensitivity to varying data distributions.
We also compared absolute gradient differences with the
cosine similarity between gradients. The results in Tab. 4
show that using absolute gradient differences yields better
results. The possible reason is that the cosine similarity only
provides the direction of gradient disparity, whereas the ab-
solute difference directly captures the magnitude of the gra-
dient disparity.
Comparisons of Different Prompts. To evaluate the per-
formance of the varied prompts used for generating images,
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Figure 5. Classification results on the CelebA dataset (T=Smiling,
P=Male) with different top-k values. The top-k values {40, 45,
50, 55, 60} correspond approximately to {64%, 72%, 80%, 88%,
96%} of the total model parameters.

we trained the model solely on the balanced synthetic data
generated with corresponding prompts and tested it on the
real test set. Tab. 5 shows the results of different prompt
types and quantities, indicating that images generated with
contextual prompts lead to significantly better performance
in both model accuracy and fairness. We believe this im-
provement is due to the increased diversity and details in
the synthetic images generated from contextual prompts.
Moreover, as the number of contextual prompts increases,
test performance improves as well. Specifically, incorpo-
rating head pose variation into the prompt further enhances
both accuracy and fairness in the generated images, as the
results shown in the last row of Tab. 5.
Evaluations of Varied Top-k Values. In our method, to
identify the intersection parameters from the two gradient
difference rankings, we use the top-k selection to ensure
that the chosen parameters are more sensitive to fairness
and less affected by domain shift. The results for different
top-k values are shown in Fig. 5. When k is set to 55, our
method achieves the best fairness performance while retain-
ing overall accuracy. Intuitively, a lower k results in fewer
updates, leading to better model utility but worse fairness,
while a high k involves more parameter updates, which can
negatively impact both accuracy and fairness.
Evaluations of Varied Bias Ratio for Synthetic Data

Construction. To evaluate the model’s sensitivity to do-
main shift and group disparity, we construct three distinct
datasets with different distributions. In our method, the bias
ratio for the biased synthetic data distribution is treated as a
hyperparameter, referenced by the error set of real training
examples, as suggested in JTT [24]. To assess the impact
of varying bias ratios in synthetic data, we explore different
ratios. As shown in Tab. 6, a disparity between the synthetic
data bias ratio and the real data bias ratio leads to worse per-
formance in both accuracy and fairness. However, despite
these differences in bias ratios, our method still outperforms
the fully fine-tuning approach. This demonstrates that our

Table 6. Classification results on CelebA dataset (T=Smiling,
P=Male) with varied bias ratio of the biased synthetic data.

Bias
Ratio Target Protected ACC

(↑)
WST
(↑)

EOD
(↓)

STD
(↓)P=0 P=1

Fully
Fine-Tuning

t=0 88.81 91.62 88.77 82.74 6.83 3.31t=1 89.55 82.74

4 : 6 t=0 85.72 91.71
89.23 83.90 8.78 3.77t=1 92.69 83.90

3 : 7 t=0 87.05 91.62 88.90 83.52 7.72 3.26t=1 90.93 83.52

2 : 8 t=0 88.01 91.76 88.97 83.16 7.30 3.28t=1 90.46 83.16

1 : 9 t=0 88.16 91.40 89.02 84.20 6.07 2.74t=1 90.25 84.20

Table 7. Classification results on CelebA dataset (T=Smiling,
P=Male) with different number of synthetic data.

Ratio To
Real Data Target Protected ACC

(↑)
WST
(↑)

EOD
(↓)

STD
(↓)P=0 P=1

0.5 t=0 88.65 93.96
89.51 80.80 10.31 4.90t=1 91.10 80.80

1 t=0 88.16 91.40 89.02 84.20 6.07 2.74t=1 90.25 84.20

1.5 t=0 89.18 92.05 88.34 81.25 7.13 3.98t=1 88.38 81.25

2 t=0 89.01 91.26 88.81 83.36 6.08 2.96t=1 91.26 89.44

method is able to identify the model’s sensitivity under the
bias ratios different to real data.
Evaluations of Different Number of Synthetic Data. We
also evaluate fine-tuning with varying amounts of balanced
synthetic data. As shown in Tab. 7, we use the real train-
ing data count as a reference and set different ratios to de-
termine the number of synthetic data. The results indicate
that when the amount of synthetic data matches that of real
data, the model achieves the best fairness. Additionally, us-
ing half the amount of real data results in the best accuracy.
We believe that using too much synthetic data during fine-
tuning can lead to overfitting, while using too little data may
fail to adequately debias the model.

5. Conclusion

In this work, we proposed a method to mitigate bias in ma-
chine learning models using synthetic data generated by a
text-to-image process. By designing contextual synthetic
data generation and selective fine-tuning, we enhance model
fairness without requiring demographic group annotations.
Our model updates selectively fairness-sensitive parame-
ters, optimizing simultaneously model fairness and util-
ity scores. Empirical results demonstrate that our method
outperforms existing techniques, improving fairness while
maintaining model utility performance. This work high-
lights the potential of synthetic data for creating fairer AI
systems, offering a promising direction for future research
in bias mitigation.
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