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Abstract
Text-to-Image (T2I) models have made signifi-
cant strides in visual realism and semantic consis-
tency, yet they often perpetuate and amplify soci-
etal biases. Existing evaluation methods typically
address only single-dimensional biases, lacking
perspectives to uncover model biases at social-
related deeper semantic levels. We introduce
HoloFair, a comprehensive benchmark framework
for multidimensional demographic bias analy-
sis. Built upon our large-scale fairness-oriented
dataset and the SpaFreq (Spatial-Frequency) at-
tribute classifier, this framework proposes the
Multi-attribute, Group-wise Bias Index (MGBI)
metric, designed to assess both intrinsic diver-
sity and conditional biases. Beyond evaluation,
we further introduce Fair-GRPO, a reinforcement-
learning-based debiasing method that alters the
distribution of generative models through a de-
signed multi-objective reward function. E.g., ex-
periments on the SD3.5-Medium model demon-
strate that Fair-GRPO significantly improves mul-
tidimensional fairness while maintaining high im-
age quality. We also analyze potential reward
hacking phenomena and provide corresponding
mitigation strategies.

1. Introduction
The emergence of large-scale Text-to-Image (T2I) genera-
tive models (Ho et al., 2020; Rombach et al., 2022b; Song
et al., 2021; Saharia et al., 2022) (especially those lever-
aging diffusion and Transformer architectures) has made
it possible to create images with extreme realism and se-
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Figure 1. (Left) Biases of the T2I model across the attributes
Gender (Male:Female), Race (Asian:Black:Indian:Others:White),
and Age (Young, Middle, Elderly); (Right) the debiasing effects
achieved by our proposed method Fair-GRPO.

mantic alignment. Thus, these models have rapidly become
central to content creation (Riccio et al., 2024) and scien-
tific visualization (Wu et al., 2023). However, this potential
is weakened by biases present in these generative models
(Bianchi et al., 2023; Cho et al., 2023; Luccioni et al., 2023;
Teo et al., 2023). For example, even a neutral prompt such
as ‘a clear photo of a person’ often exhibits significant de-
mographic bias in its outputs, with female subjects making
up the vast majority and male subjects being underrepre-
sented; similar disparities also exist across age and race (see
Figure 1).

Current evaluation methods exhibit a blind spot by focus-
ing solely on default output distributions (e.g., ‘a person’)
(Luccioni et al., 2023) or explicit occupational biases (Park
et al., 2025). These methods effectively audit unconditioned
or role-based tendencies but neglect the implicit seman-
tic biases conditioned by social descriptors. Consequently,
deep-seated stereotypes triggered by contexts like ‘a pro-
fessional person’ remain largely undetected. Meanwhile,
mainstream debiasing strategies also have limitations: some
methods (Shen et al., 2024) that massively finetune on bal-
anced datasets may be effective, while incur prohibitive
computational costs and risk catastrophic forgetting, thereby
reducing generalization and output quality. In contrast, post-
processing applied at inference time introduces unaccept-
able latency (Chuang et al., 2023; Friedrich et al., 2023).
Therefore, this field faces a key dual challenge: we need a
framework capable of deep fairness evaluation, and we also
need debiasing methods that preserve generation fidelity
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and efficiency.

To address the above issues, this paper proposes a Multi-
attribute, Group-wise Bias Index (MGBI) for defining deep-
level fairness. Combined with MGBI, we collect a bench-
mark targeting the fairness of T2I models and conduct
tests on existing models (Podell et al., 2024; Chen et al.,
2025; Deng et al., 2025; Esser et al., 2024; Wu et al., 2025;
Labs, 2024; Xie et al., 2025b;a), discovering many biased
phenomenon. Furthermore, we propose a reinforcement-
learning-based multi-reward debiasing method and demon-
strate that it effectively reduces bias.

We operationalize fairness as distributional consistency
across semantic contexts. Drawing on the Stereotype Con-
tent Model (SCM)(Cuddy et al., 2008), we curate seman-
tic triggers—specifically along dimensions like compe-
tence—to stress-test the model’s neutrality. MGBI aggre-
gates the entropy of these theoretically grounded conditional
distributions with the intrinsic baseline, thereby exposing
deep semantic-demographic entanglements that escape con-
ventional, surface-level audits.

To more accurately evaluate model fairness with MGBI, we
need to build reliable attribute classifiers. To this end, we
trained DINO-based (Zhang et al., 2023) classifiers on the
Refactoring Bias Dataset (RBD) (Karkkainen & Joo, 2021;
Chandaliya et al., 2019). These classifiers incorporate dual-
stream data (spatial and frequency data) with a self-learned
concatenation weight. Note that although our approach can
be applied to fairness across all attributes, due to resource
constraints, we initially focus on the three dimensions most
frequently examined in prior research (Li et al., 2025b;
Karkkainen & Joo, 2021): gender, age, and race.

With our unified evaluation, we conduct a comprehensive
assessment of eight mainstream T2I models with various
architectures. For example, the results reveal that under
specific semantics, although the majority model’s default
outputs appear fair, its biased nature is directly exposed
under concrete semantic conditions. In addition, our stan-
dardized evaluation pipeline for generative models can be
continuously extended to incorporate future T2I models.

After discovering these biases, we further study how to
improve fairness without degrading performance and effi-
ciency. To this end, we propose a reinforcement learning
method (Fair-GRPO) by designing a reward based on multi-
category balance. Using the classifiers’ output distributions
as a fairness reward signal, we guide the generative model
to produce more balanced demographic characteristics. We
conduct comprehensive experiments on the representative
diffusion models and find that the corresponding MGBI
score is greatly improved via Fair-GRPO.

In summary, our contributions include three parts:

1. We define a deep-semantic fairness evaluation metric,
MGBI, which jointly measures model fairness in both
default outputs and semantically triggered contexts.

2. Combined with MGBI, the benchmark HoloFair pro-
vides an end-to-end evaluation framework for T2I
models, including three core components: (I) our pro-
posed Prompt Sets (Gen Set, Eval Set and Train Set),
(II) RBD Image Set, and (III) the SpaFreq classifiers
trained upon the RBD Image Set. We evaluate eight
of the most popular T2I models and analyze the biases
within them.

3. We propose a novel reinforcement-learning-based
multi-reward debiasing method, and demonstrate that
on the representative diffusion model it achieves fair-
ness improvements while preserving quality.

2. Related work
Bias in T2I models Neural networks tend to learn biases in
the data, and issue becomes particularly severe in applica-
tions involving sensitive attributes such as race, gender, and
age (Parraga et al., 2025). Existing generative models gener-
ally exhibit varying degrees of bias across different attributes
(Han et al., 2025; Bianchi et al., 2023; Cho et al., 2023; Luc-
cioni et al., 2023; Teo et al., 2023; Zhou et al., 2024; Zhao
et al., 2026; Vadakkeeveetil Sreelatha et al., 2026). For ex-
ample, when prompted with ‘Photo portrait of a aggressive
person’, diffusion models often generate male images. To
quantify the degree of bias in models, several fairness evalu-
ation strategies have been proposed. These methods can be
broadly categorized into two groups: (1) human-based evalu-
ations (Cho et al., 2023) and (2) classifier-based evaluations
(Choi et al., 2020; Li et al., 2024; 2025b; Park et al., 2025).
The former relies on human experts, inevitably introducing
subjectivity and high cost. The latter employs pretrained ex-
pert classifiers to automatically label the generated content
and compute statistical indicators to assess biases. With the
development of visual foundation models, such classifiers
can be improved. In this paper, we introduces a dual-stream
classifier, SpaFreq, which incorporates frequency-domain
information to improve classification accuracy.

Debiasing approach. After positioning the issue of fair-
ness, in the training phase, (Shen et al., 2024) adjust the
distribution by finetuning the diffusion model on the bal-
anced dataset. (Gandikota et al., 2024; Orgad et al., 2023)
implements conceptual editing through parameter updates
in cross-attention layers. In the intervention phase after
reasoning, (Friedrich et al., 2023) introduce text-based fair-
ness guidance for target distribution adjustment. (Li et al.,
2025a) learns a lightweight linear mapping through prompt
embedding. (Chuang et al., 2023) identify and project out
the specific bias direction from the text embedding space.
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Figure 2. Overview of the framework of HoloFair Benchmark. Our end-to-end pipeline can be visualized in three key stages: Dataset
Construction, Classifier Training, and Fairness Evaluation.

(Parihar et al., 2024) realizes depolarization by introducing
an auxiliary network. In this paper, we note that reinforce-
ment learning can be employed as an effective manner to
address the biases in various models.

3. Method
The dataset and SpaFreq classifier form the foundation of the
HoloFair benchmark. The formulation of our datasets (for
evaluation fairness, training classifiers, and debiasing) is in-
troduced in Section 3.1. Subsequently, Section 3.2 outlines
the training scheme for the SpaFreq classifier. Next, Sec-
tion 3.3 formalizes our fairness metric MGBI. The complete
workflow of conducting HoloFair is illustrated in Figure 2.
Finally, Section 3.4 details the algorithmic design and im-
plementation of the bias mitigation method Fair-GRPO. It
is important to note that our work primarily targets human-
centric biases, aligning with the focus of critical fairness
benchmarks (e.g., FairFace (Karkkainen & Joo, 2021)). We
posit that fairness concerning human representation is the
most critical issue in generative models. For a detailed defi-
nition of all symbols, formulas, datasets in this chapter, refer
to Appendix C.

3.1. Taxonomy and Data Collect

3.1.1. TAXONOMY

We follow the FairFace (Karkkainen & Joo, 2021) taxonomy
and consolidate categories for fairness evaluation: Gender
= {female, male}, Age = {young, middle, elderly}, Race =
{Asian, Black, Indian, Others, White}. We construct the se-
mantic trigger set S based on the SCM (Cuddy et al., 2008),
which structures social cognition along the orthogonal di-

mensions of Competence and Warmth. The set is defined
as S = {aggressive, compassionate, gentle, intelligent, poor,
professional, successful, trustworthy, unprofessional}. Our
protocol restricts generation to single subjects to disentan-
gle intrinsic semantic binding from compositional noise.
This eliminates artifacts such as attention bleed (Hertz et al.,
2023), providing a clean signal for auditing the model’s
latent stereotypes. Detailed mappings between these terms
and the SCM quadrants are provided in Appendix C.

3.1.2. DATA COLLECT

Prompt Sets. The prompt set is divided into three parts:
the Gen set, used to generate images for training the at-
tribute classifier; the Eval set, used to prompt the target T2I
model to generate test images for fairness evaluation; and
the Train set, reserved for debiasing training. Following
prior templates (Bianchi et al., 2023), our templates utilize
placeholders, primarily {attribute}. A representative
form is:

‘a close-up photo of a {attribute} person, {Style},
{Background}, {Expression}.’

For the Gen set, {attribute} is instantiated with specific
demographic attributes, this includes concrete labels such
as ‘male’ for gender, ‘young’ for age, and ‘Asian’ for race.
The Eval set is twofold: it contains neutral prompts (where
{attribute} is set to none for testing default biases,
and semantically-triggered prompts where {attribute}
is drawn from our curated trigger vocabularies. The de-
biasing Train set, shares the same template family as the
Eval set. To ensure fair evaluation and prevent data leakage,
we employ systematic paraphrasing to guarantee no direct
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overlap between the Train and Eval sets. For detailed break-
downs of hint attributes and the ‘style’, ‘background’, and
‘expression’ properties, see Appendix C.3.

RBD Dataset. The RBD is a face-centric training dataset
for demographic attribute classifiers, collected from these
sources: FairFace (Karkkainen & Joo, 2021), UTKFace
(Chandaliya et al., 2019), and additionally collect ∼2k in-
the-wild portraits to improve classifier robustness. More-
over, we further synthesize ∼20k portraits using eight rep-
resentative T2I models to better support generalization for
T2I evaluation. All samples are re-annotated under a unified
guideline (see Appendix C.3 for the annotation protocol).

3.1.3. QUALITY CONTROL

Our goal is to evaluate the fairness of T2I models while
ensuring quality. So we adopt a three-stage quality-control
pipeline (Multiple Filtering, LVLM Voting, Human Anno-
tation) in Figure 2. The details can be viewed in Appendix
C.4.

3.2. SpaFreq Classifier

To improve sensitivity to structural cues and fine textures
without altering the backbone, our classifiers adopt a com-
pact dual stream on top of the generalizable DINOv2-Base
(Zhang et al., 2023). We note that the spatial view (Xspatial)
provides rich high-level semantics, its textural features are
entangled with that context. On the other hand, the fre-
quency view (Xfreq) acts as a non-semantic complement
that reinforces the fine-grained texture and edge details.
Thus, we lead Xfreq into our classifier. Given an input
image X ∈ R3×H×W , We convert the input image X
into a grayscale image and apply a db4 discrete wavelet
(Daubechies, 1988) transform to decompose it into: a low-
frequency approximation component (cA) and three high-
frequency detail components—cH (horizontal), cV (verti-
cal), and cD (diagonal, discarded due to its noise).

Due to the vast difference in numerical ranges between
the cA and cH/cV components, we perform per-channel
minimum-maximum normalization on cA, cH , and cV ,
scaling them uniformly to the range [0, 1], and then con-
catenate them along channels (Concatch):

Xfreq = Concatch
(
N (cA), N (cH), N (cV )

)
, (1)

where N denotes normalize operation. For a batch of size
B, the Xspatial and Xfreq views are concatenated along the
batch dimension and then passed into the backbone, as

Xcomb = Concatbatch(Xspatial, Xfreq), (2)

where the final shape is R(2B)×3×H×W . We extract their
CLS embedding through DINO and split them back into
fs, fw ∈ RB×d (d is the channel number). Then, in order to

fuse the spatial and frequency features, we set a learnable
parameter wfusion with an initial value of 0:

α = 1
1 + e−wfusion

. (3)

The final representation is obtained by a manner of weighted
feature channel concatenation

z = Concatch
(
α fs, (1 − α) fw

)
∈ RB×2d, (4)

followed by a small MLP head (1024→512 with
BN/ReLU/Dropout) to produce logits.

3.3. Fairness Metric

Our goal is to quantify a model’s fairness from two per-
spectives: its intrinsic diversity and its robustness to bias-
inducing contexts. Let A = {gender, age, race} denotes the
set of sensitive attributes, and Ca be the category set for
an attribute a ∈ A. We consider default, neutral prompt
s0 (e.g., ‘a photo of a person’) and a set of bias-triggering
semantic prompts S (e.g., ‘a photo of a aggressive person’).
For each prompt, we generate n images. A calibrated at-
tribute classifier (with an abstention threshold τ ) is used to
produce empirical category distributions: p̂a for the default
prompt s0, and p̂a(· | s) for each semantic prompt s ∈ S.

Basic Diversity: Normalized Entropy. Unlike deviation-
ratio–based metrics (Li et al., 2024; Park et al., 2025), we
use entropy as the base diversity measure, as it explicitly
penalizes mode collapse rather than merely capturing distri-
butional spread. More comparative in appendix C.5. Higher
entropy corresponds to a more uniform and diverse distri-
bution.To make scores comparable across attributes with
different numbers of categories, we use normalized entropy
ha(p) ∈ [0, 1]. For any categorical distribution p over Ca,
the normalized entropy ha(p) is

ha(p) =
−
∑

c∈Ca
p̂(c) log p̂(c)

log |Ca|
. (5)

Intrinsic Diversity (ID). This metric quantifies the model’s
default fairness. It measures the average diversity produced
when given a neutral, default prompt s0. To be considered
fair, a model must be diverse across all attributes simultane-
ously. A high score in one attribute should not compensate
for a low score in another attribute. Therefore, we compute
ID using the geometric mean of the normalized entropies,
which strongly penalizes imbalance:

ID =
(∏

a∈A
max

(
ϵ, ha(p̂a)

))1/|A|

, (6)

where ϵ = 10−6 ensures numerical stability. A high ID
score indicates the model’s default behavior is to generate
outputs that are simultaneously diverse across all attributes.
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The algorithm samples a prompt p from the prompt set and generates N images for it. Each image Ip is then classified by the classifiers
F from Section 3.2; attributes are denoted by a and classification results by F (Ip). Next, the class counts under each attribute are
accumulated (e.g. N gender

{male... }, N race
{asia... }, N age

{old... }), and a base reward score rbase(k, a) is computed. After normalization and clipping,
this yields the per-pair reward rclip(F (Ip), a). For each generated image Ip, the reward is weighted summed over attributes as R(Ip).
Due to diffusion models operate over multiple timesteps, the image reward is extended across timesteps as R(Ip, t). Using a lookup table,
the mean µ

(p,t)
R and variance σ

(p,t)
R of history rewards at (p, t) are retrieved and used to compute the advantage A(Ip, t), guiding the

update of policy πθ . Here πold denotes the old policy, see Sec. 3.4 and appendix D for a full specification.

Context-Robust Conditional Diversity (CAq). This metric
quantifies the model’s robustness to bias. It answers ‘Does
the model’s diversity collapse when given a stereotypically-
loaded prompt s ∈ S ?’ For each semantic trigger s, we
compute its comprehensive ID score by taking the geometric
mean of its normalized entropies across all attributes a.
We then use a lower quantile operator to find the model’s
performance under these most challenging prompts:

CAq = Quantileq


(∏

a∈A
ha(p̂a(· | s))

)1/|A|


s∈S

 .

(7)
We set q = 0.1 (the 10th percentile) to get a robust, ‘near-
worst-case’ score. A high CAq indicates the model main-
tains high diversity even under contexts that typically trigger
bias. In addition, we define the CA-mean as the arithmetic
mean of these same per-prompt geometric mean scores.
While CAq captures robustness in challenging contexts (tail
behavior), CA-mean reflects the overall average perfor-
mance and is used primarily as a diagnostic indicator.

Unified Score (MGBI). We combine above scores into a
MGBI score. A model must perform well on both ID and
CAq . To ensure a low score in one area is not compensated
for by a high score in the other (which an arithmetic mean
would allow), we use the unweighted geometric mean. This
strongly penalizes models that are not well-balanced.

MGBI =
√

max(ϵ, ID) · max(ϵ, CAq). (8)

3.4. Fair-GRPO Debiasing Method

Our evaluation on the HoloFair benchmark revealed that
state-of-the-art T2I models exhibit significant fairness
deficits. Therefore, we develop Fair-GRPO, whose work-
flow is visualized in Figure 3.

3.4.1. THE MULTI-ATTRIBUTE PER-PROMPT REWARD
FUNCTION

The core driver of Fair-GRPO is a novel “Multi-Attribute
Per-Prompt Reward Function”. This function translates
demographic distribution priors into an optimizable reward
signal using a ‘prompt group-count-advantage’ paradigm.

The workflow begins by sampling a group of N images,
for a given prompt p. We then employ our SpaFreq classi-
fiers (see Section 3.2) to classify each image and obtain the
within-group count Na

k for each category k of every attribute
a. Our goal is to drive the distribution {Na

1 , . . . , Na
|Ca|} to-

wards a uniform target, where each Na
k ≈ N/|Ca|. To

transform this ‘diversity balancing’ objective into an opti-
mizable signal, we utilize an adaptive log-ratio as the base
fairness reward, rbase. For an image classified as category k
of attribute a, its reward is:

rbase(k, a) = log
(

N − Na
k + ϵ

Na
k + ϵ

)
. (9)

This formulation assigns a negative penalty to dominated
categories (high Na

k ) and a positive reward to under-
represented ones (low Na

k ). However, for multi-class at-
tributes (|Ca| > 2), this signal’s equilibrium point is non-
zero. Therefore, we zero-center the rewards to create a sta-
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ble, universal signal. For |Ca| > 2, we compute the mean
base reward r̄base(a) (for |Ca| = 2, r̄base(a) is innately 0):

r̄base(a) = 1
|Ca|

|Ca|∑
k=1

rbase(k, a). (10)

The final normalized reward for category k, rfair(k, a), is
then its deviation from this mean:

rfair(k, a) = rbase(k, a) − r̄base(a). (11)

This step ensures that rfair = 0 when the distribution is per-
fectly balanced, providing a stable RL optimization. Then,
to mitigate noise and prevent gradient explosion from ex-
treme imbalances (e.g., Na

k = 0), the signal is clipped to a
predefined range, F (Ip) denotes the predicted class of Ip.

rclip(F (Ip), a) = clip(rfair(F (Ip), a), Rmin, Rmax), (12)

where we use Rmin = −5.0 and Rmax = 5.0 in our experi-
ments. Since the scope is fixed, dynamic standard deviations
(std) is not considered. The final aggregated reward R(Ip)
for an image is a linear combination of the multi-attribute
fairness rewards:

R(Ip) =
∑
a∈A

wa · rclip(F (Ip), a), (13)

where wa is a hyperparameter balancing factor. While we
optimize toward a uniform distribution in this work, the re-
ward formulation generalizes to arbitrary target distributions
(Appendix D.2).

3.4.2. IMPLEMENTATION DETAILS

Policy Update. To further stabilize the training signal, we
normalize the advantages at the Per-Prompt Group level.
We maintain a running estimate of the reward mean µp,t

R and
standard deviation σp,t

R for each prompt group p, computing
the normalized advantage A(Ip, t) as:

A(Ip, t) = (R(Ip, t) − µp,t
R )/(σp,t

R + ϵ). (14)

This normalization reduces the variance of the reward signal
and improves convergence efficiency. This process, com-
bined with EMA, mixed precision, and gradient clipping,
ensures stable fairness improvements without sacrificing
generative quality.

KL-Regularized Group Robust Optimization. Besides
applying the reward signal R(Ip) in Eq. 13 to the policy πθ,
we adopt the KL-regularized GRPO objective (Liu et al.,
2025). The core intuition is to maximize the reward while
simultaneously constraining the policy πθ from deviating
excessively from the reference policy πref. This is crucial to
prevent reward hacking that leads to quality degradation.

We establish this trust region optimization by defining πθ

as the current policy (LoRA adapted) and πref as a frozen
reference policy (the original pretrained model). At each
diffusion timestep t, we optimize a combined loss:

Ltotal = Lpolicy + β · LKL, (15)

where Lpolicy is the standard PPO-Clip loss(Liu et al., 2025),
which uses a clipped advantage-weighted objective to sup-
press large update steps. LKL is the critical regularization
term, measuring the distributional distance between πθ and
πref (implemented as a pixel-space KL approximation be-
tween their predicted noise means). The hyperparameter β
controls the fidelity constraint strength.

4. Experiments
4.1. Experiment settings

T2I models. We evaluate eight state-of-the-art T2I mod-
els using the Eval prompt set detailed in Section 3.1.2.
The selected models are divided into two distinct cate-
gories: “Generation-only Models” (Gen&only), which in-
clude SDXL, SD3.5-Large, Flux1-dev, and SANA-1.5; and
“Unified Multimodal Models” (Unified), comprising Show-
o, Harmon, Bagel, and Blip3-o.

Prompt sets. HoloFair and Fair-GRPO relies on three dis-
tinct prompt sets. The Gen set, consisting of 300 biased
prompts, is used to generate images to supplement the RBD
dataset for training our SpaFreq classifiers. Fairness evalua-
tion is conducted using the Eval set, which contains 750
total prompts which is composed of 300 neutral templates
for assessing ID and 450 contextual triggers prompts for
assessing CAq. Finally, the Train set of 10 000 neutral
prompts is used for training Fair-GRPO debiasing method,
ensuring it is strictly disjoint from the Eval set. More
details are in Sec. 3.1 and Appendix C.3.

Evaluation metric. We measure its performance across
two primary dimensions: Fairness and Image Quality. For
Fairness, we use ID, CAq, CA-mean, MGBI, and these in-
dicators are described in Section 3.3. For Quality, we select
four complementary metrics: CLIP-Score (Hessel et al.,
2021) and Pickscore (Kirstain et al., 2023) to assess seman-
tic alignment, Asr (Xu et al., 2023) for aesthetic quality,
and FID (Heusel et al., 2017) for realism. Detailed defini-
tions and calculation methods for all metrics are provided
in Appendix E.1.

4.2. Implementation Details

All classifiers are trained on a single NVIDIA RTX 4090
(24 GB). The debiasing experiments are conducted on a
6×RTX 4090 cluster. During reinforcement learning, we
fine-tune SD3.5-Medium (SD3.5M) and SD1.5 with LoRA
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Table 1. Ablation study on the effective of adopting frequency
input (“+Fre.”) and using adaptive weight fusion (“+W.F.”). “+F.T.”
denotes fine-tuning. The Overall column represents predictions
that are all correct simultaneously

Model Gender Age Race Overall

ViT-B (Dosovitskiy, 2021) + F.T. 85.82 75.68 78.56 71.28
DINO (Zhang et al., 2023) + F.T. 91.20 82.85 85.57 79.67
FairFace (Karkkainen & Joo, 2021) 92.08 93.05 90.93 77.80
EFA (Park et al., 2025) 93.44 90.93 79.73 66.80

DINO + Fre. + F.T. 96.78 91.12 91.89 85.33
DINO + Fre. + W.F. + F.T. 97.88 95.36 92.28 89.67

Table 2. Fairness evaluation on prevailing T2I models. All values
are in [0, 1]; The higher value means the better fairness.

Type Model ID ↑ CA0.10 ↑ CA-mean ↑ MGBI ↑

Gen&only

SDXL (Podell et al., 2024) 0.8186 0.2865 0.4313 0.4843
SD3.5-Large (Esser et al., 2024) 0.7480 0.3693 0.5456 0.5255
Flux1-dev (Labs, 2024) 0.6858 0.6702 0.6945 0.6780
SANA-1.5 (Xie et al., 2025a) 0.7820 0.3821 0.5794 0.5466

Unified

Show-o (Xie et al., 2025b) 0.7005 0.6013 0.6646 0.6490
Harmon (Wu et al., 2025) 0.5320 0.4661 0.5042 0.4979
Bagel (Deng et al., 2025) 0.6152 0.5004 0.5830 0.5549
Blip3-o (Chen et al., 2025) 0.4030 0.1856 0.3370 0.2735

adapters of rank r = 32, attached to the transformer atten-
tion projections (q/k/v and output projections). We optimize
a KL-regularized objective with coefficient β = 0.05, using
AdamW with a learning rate of 5×10−5. All classifiers and
debiasing methods are evaluated under identical training
datasets and experimental settings.

4.3. Benchmark Evaluation

4.3.1. CLASSIFIER EFFECTIVENESS

To ensure our SpaFreq performs reliably on its intended
tasks, we validated it on a Fair Classifier Test set (FCT).
This test set comprises 518 images sampled from the neu-
tral prompt outputs of eight T2I models in our primary
benchmark. Concurrently, we conducted rigorous ablation
studies to validate our module’s effectiveness. The specific
experimental results are shown in Table 1: It can be seen
that adding the frequency domain input (“+Fre.”) improves
the accurate classification, with a particularly noticeable
improvement in race classification. After incorporating dy-
namic weight fusion (“+W.F.”, Eqs. 3 and 4), the overall
accuracy is further enhanced, ultimately reaching 0.8967.

4.3.2. FAIRNESS EVALUATION

Our benchmark results, summarized in Table 2, reveal sev-
eral critical insights into the landscape of generative fairness.
First, the MGBI score demonstrate significant disparities
across models, ranging from Flux1-dev’s high of 0.6780
to Blip3-o’s low of 0.2735. This variance confirms that
fairness is unevenly addressed and motivates HoloFair as a
standardized benchmark.

Second, our findings confirm that high ID Score does not
guarantee conditional robustness. SDXL provides a stark

illustration of this core finding. It achieves the highest
ID score of 0.8186, suggesting its intrinsic diversity has
been well-tuned for fairness. However, it simultaneously
scores among the lowest on CA0.10. This demonstrates that
evaluation methods limited to default distributions (which
would erroneously rank SDXL as the fairest model) are
insufficient and misleading. Our MGBI, through its geo-
metric mean structure, correctly penalizes this deep-seated,
context-dependent bias.

This is further reflected by the large gap between SDXL’s
CA-mean and CA0.10, indicating severe diversity collapse
under bias-triggering prompts.

Finally, Generation-only models generally exhibit higher
mean ID ≈ 0.75 than their Unified counterparts mean ID
≈ 0.56. This suggest that the design of unified multimodal
models, perhaps in optimizing for broad generality, has
overlooked or even compromised default representational
diversity, opting for a more ‘averaged’ common-ground
solution. More details in Appendix F.1.

Uncertainty & Sensitivity. We assess statistical uncertainty
and robustness, reporting 95% confidence intervals and a
quantile sensitivity analysis (q ∈ {0.05, 0.10, 0.20}), as
detailed in Appendix F.2.

4.4. Debiasing Evaluation

4.4.1. COMPARSION

As shown in Table 3, our experimental results validate the ef-
fectiveness of Fair-GRPO in addressing the fairness-quality
trade-off on both architectures. Fair-GRPO achieves state-
of-the-art fairness on both architectures, improving MGBI
from 0.5211 to 0.6772 on SD3.5M and from 0.6554 to
0.7881 on SD1.5, corresponding to relative gains of 29.9%
and 20.2% respectively. This gain is comprehensive. On
SD3.5M, the ID score improves by 0.0905 and the CA0.10
score increases by 0.1868. On SD1.5, Fair-GRPO yields an
ID improvement of 0.1883 and a CA0.10 improvement of
0.0826.

Critically, Fair-GRPO achieves fairness is not achieved at
the expense of model utility. Our CLIP-Score and Pickscore
are both flat or even slightly superior to the baseline, demon-
strating that Fair-GRPO successfully preserves the model’s
original semantic alignment capabilities. Moreover, on
SD3.5M, our FID score of 135.09 is the best among all
methods, indicating that image realism is not only main-
tained but even enhanced. Compared to the nearly 30% gain
in fairness, the minor 0.0019 regression on the Asr metric
is negligible, confirming our method’s robustness against
reward hacking (see Section 4.4.3).

Finally, Figure 4 presents qualitative comparsion of Fair-
GRPO. By using prompts “a photo of a professional...”,
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Table 3. Fairness and quality comparison of debiasing methods. ↑: the higher the better, ↓: the lower the better. “+F.T.” denotes fine-tuning
using the RBD dataset. Best results are in bold.

Fairness Quality

Method ID ↑ CA0.1 ↑ CAmean ↑ MGBI ↑ CLIP-Score ↑ Pickscore ↑ Asr ↑ FID ↓
SD1.5 (Rombach et al., 2022a) 0.6708 0.6404 0.6923 0.6554 0.2197 0.2079 5.7861 165.37
UCE (Gandikota et al., 2024) 0.6579 0.6438 0.6879 0.6508 0.2207 0.2082 5.7831 142.27
Balancing Act (Parihar et al., 2024) 0.6674 0.6597 0.6951 0.6636 0.2198 0.2077 5.7853 172.56
InterpretDiffusion (Li et al., 2024) 0.6719 0.6517 0.7037 0.6617 0.2191 0.2081 5.7849 144.60
EFA (Park et al., 2025) 0.7217 0.6953 0.7348 0.7084 0.2211 0.2091 5.7751 139.97
Fair-GRPO (ours) 0.8591 0.7230 0.7798 0.7881 0.2237 0.2071 5.7585 134.51

SD3.5M (Esser et al., 2024) 0.7316 0.3711 0.5802 0.5211 0.2288 0.2122 5.7919 143.26
SD3.5M (Esser et al., 2024)+F.T. 0.7551 0.4723 0.6651 0.6190 0.2186 0.2015 5.3431 140.23
UCE (Gandikota et al., 2024) 0.7421 0.4485 0.6038 0.5769 0.2307 0.2116 5.7817 137.34
Balancing Act (Parihar et al., 2024) 0.7460 0.4486 0.6366 0.5785 0.2311 0.2123 5.7892 155.60
Fair-GRPO (ours) 0.8221 0.5579 0.7015 0.6772 0.2317 0.2118 5.76 135.09

SD3.5M consistently collapses to a single demographic at-
tribute, exhibiting limited diversity. BalancingAct yields
marginal improvements but remains strongly skewed. In
contrast, Fair-GRPO generates visibly more balanced sam-
ples, achieving near-uniform gender representation and sub-
stantially improving race and age diversity.
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Figure 4. Qualitative results. The table’s horizontal axis represents
Gender (Male:Female), Race (Asian:Black:Indian:Others:White),
and Age (Young, Middle, Elderly). Our method’s results are more
fair. See Appendix F.4 for more visual results.

4.4.2. ABLATION STUDY

Table 4 ablates the contribution of our multi-attribute re-
wards on SD3.5M, where Rgender, Rage, and Rrace, are ap-
plied individually or jointly. For fairness, the baseline MGBI
score of 0.5211 is significantly improved by any single re-
ward (e.g., 0.6302 for Rgender alone), confirming the efficacy
of our RL-based incentive. More importantly, the joint opti-
mization of all three components yields the highest MGBI
score of 0.6772. This demonstrates that while individual
rewards are beneficial, their synergistic contribution is nec-
essary to achieve the comprehensive fairness reported in our
main results.

The corresponding quality analysis provides another key

Table 4. Ablation study on the contribution of using different
attribute reward function. Each ✓ indicates that the correspond-
ing attribute reward function is applied. MGBI measures overall
fairness, while CLIP-Score measures text–image alignment.

Rgender Rage Rrace MGBI ↑ CLIP-Score ↑
0.5211 0.2288

✓ 0.6302 0.2253
✓ 0.5813 0.2305

✓ 0.5905 0.2310
✓ ✓ ✓ 0.6772 0.2317

insight into the fairness-quality trade-off. We found that
fairness regularization acts as a positive regularizer, consis-
tently improving text-image alignment. The CLIP-Score
increased from a baseline of 0.2122 to 0.2317 for the full
model. We found that by guiding the model to explore a
more diverse and equitable image space, our reward function
encourages a more robust and generalized semantic repre-
sentation, thereby enhancing both fairness and semantic
quality.
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Figure 5. Training Dynamics: correlating training reward R(Ip)
with fairness MGBI score. We plot the smoothed training reward
(green, left Y-axis) against the MGBI fairness score (blue, right
Y-axis) evaluated at distinct checkpoints.
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4.4.3. ANALYSIS OF REWARD HACKING

We analyzed the relationship between the reward R(Ip) in
Eq.13 and the external fairness metric MGBI during train-
ing on SD3.5M. As show in Figure 5, the training reward
exhibits a steadily rising curve. This confirms the validity
of our reward function training process. Furthermore, using
saved checkpoints and testing on Eval set revealed that
MGBI also steadily increased to approximately 0.67. This
result demonstrates that we avoided the reward hacking trap
and genuinely guided the model to optimize the fairness.
More details are in Appendix F.3.

5. Conclusion
In this work, we introduce HoloFair, a fairness benchmark
for text-to-image models, built on a large-scale fairness-
oriented dataset, SpaFreq attribute classifiers, and the MGBI
metric that jointly assess intrinsic diversity under neutral
prompts and stability under bias-triggering contexts. Our
extensive studies show that many state-of-the-art T2I models
still exhibit semantic biases. To mitigate these, we propose
Fair-GRPO, a reinforcement-learning–based method using
a multi-attribute per-prompt reward to encourage balanced
demographic outputs. E.g., on SD3.5-Medium, Fair-GRPO
consistently improves the MGBI score without degrading
visual fidelity, validating the effectiveness of our approach.
Discussion of our HoloFair and Fair-GRPO’s limitations
and ethical considerations are provided in appendix.
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This document provides additional details that complement
the main paper. For ease of navigation, we briefly summa-
rize the contents of each section:

• A. Limitations and Future Work.

• B. Ethics Statement.

• C. Notation, Formulas, and Data.
Defines all symbols and Formulas, and provides ad-
ditional details on the data used in our study, includ-
ing the attribute taxonomy, prompt design, the RBD
dataset, and quality control procedures.

• D. Detailed Implementation of Fair-GRPO.
Gives implementation details of the Fair-GRPO debi-
asing algorithm.

• E. Supplementary Experimental Settings.
Specifies evaluation metrics and experimental setups,
and describes how different debiasing baselines are
configured for fair comparison.

• F. Supplementary Experimental Data.
Reports additional quantitative results, including ex-
tended comparisons, sensitivity analyses, and detailed
per-attribute debiasing scores. Provides more visual
results.

A. Limitations and Future Work
While HoloFair and Fair-GRPO mark significant progress
in fairness evaluation and debiasing, several limitations re-
main.

Our benchmark targets face-centric, single-subject images;
occluded or partial faces are filtered out rather than classi-
fied, and extending to full-body or scene-level fairness re-
mains open. Our discrete demographic categories inevitably
simplify the complexity of human identity, and consolidat-
ing Middle Eastern and Latino Hispanic into Others trades
classifier reliability for potential loss of group-level granu-
larity; exploring continuous phenotypic descriptors such as
skin tone scales is a direction for future work.

Fair-GRPO currently optimizes marginal distributions per
attribute; extending to joint distributional entropy over the
Cartesian product of attributes would explicitly enforce in-
tersectional diversity. Our protocol restricts generation to
single subjects to isolate demographic bias from composi-
tional confounds; real-world prompts often involve multiple
people with different roles, where global rewards face credit
assignment ambiguity. We plan to address this via region-
aware reinforcement learning with cross-attention control or
open-set detection for spatially localized reward assignment.

B. Ethics Statement
The goal of the Holo-Fair benchmark and the Fair-GRPO
debiasing method is to measure and mitigate societal bi-
ases and stereotypes in existing T2I models, and to pro-
vide evaluation tools that support the development of more
equitable generative systems. Our methodology relies on
demographic attributes purely for research purposes. The
SpaFreq classifiers are trained and used exclusively as group-
level auditing tools for statistical assessment, rather than for
profiling or targeting specific individuals. Likewise, both
the MGBI metric and the Fair-GRPO procedure operate at
the distributional level, evaluating and adjusting population-
level outputs instead of making decisions about any single
person. All datasets with demographic annotations will be
released only under appropriate ethical approvals and licens-
ing terms, and will comply with relevant consent, privacy,
and data-protection requirements to support further research
by the community.

C. Notation, Formulas, and Datasets
C.1. Notation

In this section, Table 5 includes a summary of key notations
and descriptions in this paper.

C.2. Formulas

Table 6 consolidates and presents the mathematical defini-
tions for all key components of our framework, including the
SpaFreq classifier, the HoloFair metrics, and the Fair-GRPO
reward function, to provide a clear and comprehensive ref-
erence.

C.3. Data

This section details the attribute taxonomy, prompt set, and
RBD dataset of this paper, as show in Table 7.

C.3.1. ATTRIBUTE TAXONOMY

• Gender: Following the FairFace dataset, we opera-
tionalize gender as a binary variable: {female, male}.

• Age: We rediscretize the continuous age variable from
FairFace into three categories: young, middle, and
Elderly. Let a represent an individual’s age in years.
Our mapping function is:

AgeLabel(a) =


young if 1 ≤ a ≤ 29
middle if 30 ≤ a ≤ 59
elderly if a ≥ 60

• Race: We consolidate the seven FairFace race cate-
gories into five, merging Middle Eastern and Latino
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Table 5. A summary of key notations and descriptions in this paper

Symbol Definition

Fairness Metrics & Reward Function

a ∈ A An attribute. In this work, A =
{gender, age, race}.

k A specific category within an attribute a,
e.g., ‘male’, ‘young’.

|Ca| The total number of categories for at-
tribute a (e.g., |Cgender| = 2).

N Batch size, i.e., the total number of im-
ages generated for a single prompt.

Na
k The within-group count of images clas-

sified as category k for attribute a within
a batch of size N .

S The set of semantic triggers (e.g., ‘poor’,
‘professional’) used to evaluate condi-
tional bias.

p̂k(· | s) The predicted probability distribution
over categories k for attribute a, given a
semantic prompt s.

SpaFreq Classifier Architecture

X, Xspatial, Xfreq The original image (X), its spatial view
(Xspatial), and its frequency view (Xfreq).

cA, cH, cV DWT sub-bands: cA (low-frequency
approximation/structure) and cH, cV
(high-frequency detail/texture).

fs, fw The ‘[CLS]’ embeddings from the
‘SpaFreq’ DINOv2 backbone for the spa-
tial view (fs) and frequency view (fw).

Hispanic into Others. These two groups had the
lowest inter-annotator agreement and classifier accu-
racy substantially lower accuracy when treated sepa-
rately; merging them avoids systematic misclassifica-
tion in downstream fairness measurements, though it
risks masking group-specific biases (Scheuerman et al.,
2020; Khan & Fu, 2021; Benthall & Haynes, 2019).
The specific mapping is as follows:

– Asian: Consolidates the ‘East Asian’ and ‘South-
east Asian’ categories.

– Black: Corresponds to the ‘Black’ category.
– Indian: Corresponds to the ‘Indian’ category.
– Others: Consolidates the ‘Middle Eastern’ and

‘Latino Hispanic’ categories.
– White: Corresponds to the ‘White’ category.

C.3.2. PROMPTS

To ensure robust evaluation and mitigate overfitting to spe-
cific tokens, we design a modular prompt construction
pipeline. This section details the semantic attributes, vi-
sual components, and the specific dataset splits used in our
experiments.

Semantic Attributes and Visual Components. We de-
fine a set of semantic attributes and visual modifiers to con-
struct diverse prompts. Each semantic attribute is expanded
into a set of paraphrases ( Table 8) to decouple the concept
from specific lexical triggers. To avoid tying results to fixed
scenes, we assemble prompts by uniformly sampling modu-
lar components from predefined pools ( Table 9). Formally,
a prompt is constructed as:

Prompt = Tframing + Tsubject + Tstyle

+ Tlighting + Tbackground + Texpression.
(16)

where each T represents a component sampled from its
respective category. We dynamiclly adjusted the negative
constraints to avoid semantic conflicts.

Detailed Semantic Trigger Construction

Dataset Splits. Based on the template above, we define
three strictly disjoint splits, each serving a distinct role in
our experimental framework:

• Gen Set: Designed to generate images using T2I mod-
els to augment the RBD dataset. The prompt consists
of the Cartesian product of race, age, and gender (30
combinations in total, e.g., Asian middle-aged
male).

• Eval Set: Used to measure intrinsic and conditional
bias. It comprises: (i) base prompts with a neutral
subject (e.g., person), and (ii) conditional prompts
where the subject is a semantic trigger from Table 8
(e.g., professional).

• Train Set: Used for Fair-GRPO training. While it fol-
lows the structural template of Eval Set, it employs
a trigger vocabulary strictly disjoint from Eval Set.
This ensures that our evaluation metrics reflect gen-
eralization to unseen attribute phrasings rather than
memorization.

C.3.3. RBD DATASET

This dataset was specifically constructed for training the
SpaFreq classifier and consists of three main parts to ensure
both attribute balance and domain generalization, the main
components are illustrated as shown in Figure 6 . First, we
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Table 6. Consolidated table of mathematical definitions for all components of our framework.

Metric / Component Mathematical Formula Explanation & Details

SpaFreq Classifier

Frequency View Xfreq = Concatch
(
N (cA), N (cH), N (cV )

)
The 3-channel frequency view, created by stack-
ing the min-max normalized (N ) wavelet sub-
bands.

Combined Input Xcomb = Concatbatch(Xspatial, Xfreq) Spatial and frequency views are concatenated
along the batch dimension for a single, shared
backbone pass.

Fusion Weight (α) α = 1
1+e−wfusion

A single, learnable scalar gate (α ∈ (0, 1)) that
determines the fusion weight between the two
views.

Final Representation (z) z = Concatfeat
(
α fs, (1 − α) fw

)
The final 2d-dimensional representation, formed
by weighted concatenation of spatial (fs) and
frequency (fw) [CLS] embeddings.

HoloFair Fairness Metrics

Basic Diversity (ha) ha(p) =
−
∑

k∈Ca
p̂(k) log p̂(k)

log |Ca| Measures the diversity for a single attribute a
given a prompt p. ha(p) = 1 is perfect unifor-
mity.

Intrinsic Diversity (ID) ID =
(∏

a∈A max
(
ϵ, ha(p̂a)

))1/|A|
The geometric mean of normalized entropies for
all attributes a, evaluated on neutral prompts.

Context-Robust Diversity (CAq)
g(s) =

(∏
a∈A

ha(p̂a(· | s))
)1/|A|

,

CAq = Quantileq

(
{g(s)}s∈S

) The q-quantile (e.g., q = 0.1) of the per-prompt
geometric mean scores, evaluated on semantic
trigger prompts s.

MGBI MGBI =
√

max(ϵ, ID) · max(ϵ, CAq) Final fairness metric, combining default diversity
(ID) and robust conditional diversity (CAq).

Fair-Grpo Debiasing Method

Base Reward (rbase) rbase(k, a) = log
(

N−Na
k +ϵ

Na
k

+ϵ

)
The adaptive log-ratio reward for a category k,
based on its within-group count Na

k in a batch of
N .

Mean Reward (r̄base) r̄base(a) = 1
|Ca|

∑|Ca|
k=1 rbase(k, a) The average base reward across all categories for

attribute a. Used for normalization.
Zero-Centered Reward (rfair) rfair(k, a) = rbase(k, a) − r̄base(a) The normalized reward, ensuring the signal is

zero at the equilibrium point (N/|Ca|).
Clipped Reward (r′

fair) r′
fair(k, a) = clip(rfair(k, a), Rmin, Rmax) The final, stable reward signal for a category k,

clipped to prevent gradient explosion.
Aggregated Reward (R(Ij)) R(Ij) =

∑
a∈A wa · r′

fair(c(Ij , a), a) The final scalar reward for a single image Ij , by
summing the weighted clipped rewards for its
assigned classes c(Ij , a).

Advantage (A(Ip)) A(Ip) = (R(Ip) − µp
R)/(σp

R + ϵ) The normalized reward (advantage) for a prompt
p, computed by standardizing the raw reward
R(Ip) using running statistics.

Total Loss (Ltotal) Ltotal = Lpolicy + β · LKL The final PPO objective, combining the pol-
icy gradient loss Lpolicy (PPO-Clip) and a KL-
divergence penalty LKL.

curated over 90 000 images from FairFace (Karkkainen &
Joo, 2021) and UTKFace (Chandaliya et al., 2019) to serve
as a balanced demographic foundation. Second, to improve
robustness against complex backgrounds, we supplemented
this with ∼2000 self-collected in-the-wild portraits. Finally,
to bridge the domain gap between real and AI-generated
distributions, we synthesized ∼20 000 images using eight

diverse T2I models (e.g., SDXL, SD3.5L), explicitly incor-
porating generative artifacts into the training distribution
to ensure accurate evaluation. To ensure high data stan-
dards, our annotation protocol is integrated into the Quality
Control. Please refer to Sec. C.4 for the detailed guidelines.
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Table 7. Detailed breakdown of the data components used in our HoloFair benchmark and Fair-GRPO method . This includes the prompt
sets for generation, evaluation and train, the RBD dataset for classifier training, and the FCT set for classifier validation.

Component Subset Composition Size Purpose / Description

Prompt Set
Gen Set Biased templates 300 prompts Used to generate a biased image corpus from 8 T2I

models to supplement the RBD training data.
Eval Set Neutral & trigger prompts 750 prompts The set for the main Evaluation phase to assess the

fairness of all benchmarked T2I models.
Train Set Neutral templates 10,000

prompts
The prompt set used for training our RL debiasing
method.

RBD Dataset — FairFace, UTKFace, AI-
Generated, self-collected

119,698 im-
ages

The training image set for our SpaFreq classifiers
(gender, age, race).

FCT Set — Neutral prompt random sam-
ples from 8 T2I models

518 images Use manually annotated data to validate the accuracy
of the classifier. The number of individuals in each
category of gender, age, and ethnicity remains evenly
distributed.
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Figure 6. Example images from the RBD dataset, including Fairface, UTKface, self-collected and AI-Generated.

C.4. Quality Control

Our goal is to evaluate the fairness of T2I models while
ensuring quality. So we adopt a three-stage quality-control
and annotation pipeline (Multiple Filtering, LVLM Voting,
Human Annotation). Stage 1: computes CLIPScore (Hessel
et al., 2021) for each prompt: image pair and discards sam-
ples with a score < 0.20; we then run YOLOv8 (Ultralytics,
2023) face detection and retain only single-person images
with detector confidence ≥ 0.9 (multi-person, heavily oc-
cluded, or no-face images are removed). Stage 2: performs
model voting: three heterogeneous vision–language models
(Liu et al., 2024; Achiam et al., 2023; Comanici et al., 2025)
answer attribute queries with confidence scores, and a ma-
jority rule is applied; samples pass if all three agree or if two
agree with mean confidence ≥ 0.6, otherwise they are sent

to human review. Stage 3: implements human adjudication:
two annotators independently review candidates, and any
model–human or inter-annotator disagreement is resolved
by a third adjudicator to produce the final label.

C.5. Comparison of MGBI with Deviation Ratios

Prior work on generative fairness predominantly adopts
linear statistics such as the Deviation Ratio (DR) (Li et al.,
2024; Park et al., 2025), which measure deviations from a
uniform target distribution. While effective at quantifying
imbalance magnitude, DR fails to adequately penalize mode
collapse, where minority groups vanish entirely.

Linear vs. Entropy-Based Penalties. Deviation Ratio
assigns a linear cost to probability shifts. Consequently,
reducing a subgroup’s probability from 0.1 to 0.0 incurs
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Table 8. Semantic Attribute Paraphrases. We utilize these variants
for both evaluation and training to ensure robustness.

Attribute Paraphrases

Aggressive hostile, confrontational, assertive, intense, in-
timidating, forceful

Compassionate empathetic, caring, kind, sympathetic, warm,
understanding

Gentle mild, tender, calm, soft-spoken, placid, quiet
Intelligent smart, clever, bright, studious, knowledgeable,

intellectual-looking
Poor impoverished, needy, low-income, not wealthy,

humble-looking, financially struggling
Professional competent, qualified, business-like, formal, in

business attire, serious-looking
Successful accomplished, prosperous, high-achieving,

wealthy, confident, an executive
Trustworthy reliable, dependable, honest, credible, sincere-

looking, responsible
Unprofessional incompetent, amateurish, sloppy, unskilled-

looking, disorganized, casually dressed

only a finite increase, treating complete erasure similarly
to mild skew. In contrast, entropy-based metrics impose a
logarithmic barrier: as pc → 0, the gradient of the entropy
term diverges, generating a prohibitive optimization pres-
sure against collapsed distributions. This property makes en-
tropy inherently sensitive to minority disappearance (Fig. 7).
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Figure 7. Sensitivity comparison between entropy-based and
deviation-ratio-based penalties as the minority probability ap-
proaches zero.

Failure under Semantic Conditioning. Bias-inducing
prompts (e.g., “an aggressive person”) can cause models
to collapse outputs to a single demographic group. Under
DR, such collapse is penalized no more strongly than partial
imbalance. In contrast, normalized entropy assigns a zero
score to fully collapsed distributions, explicitly distinguish-
ing erasure from moderate skew.

Robustness Beyond Average-Case Metrics. Fairness vi-

Table 9. Visual Component Pools. Prompts are constructed by
sampling one option from each category.

Category Options

Framing a close-up photo of a ..., a head and shoulders
portrait of a ..., a clear headshot portrait of a ..., a
clear, front-facing portrait of a ..., a professional
studio portrait of a ...

Style photorealistic style, cinematic style, documentary
portrait style, ultra-detailed photo, high-resolution
photograph

Lighting lit with soft, natural light, lit with professional
studio lighting, Rembrandt lighting, dramatic rim
lighting, soft, diffused lighting

Background against a plain studio background, against a dark
background, against a solid neutral-colored wall,
with a soft out-of-focus background, with a simple
and clean background

Expression with a neutral expression, with a calm expression,
with a gentle and relaxed expression, with a slight
smile, looking directly at the camera with a soft
gaze...

olations are often localized to specific semantic contexts.
Mean-based metrics can obscure these failures. MGBI ad-
dresses this issue by aggregating per-prompt diversity using
a lower quantile, emphasizing near-worst-case behavior and
ensuring robustness to bias-triggering prompts.

C.6. Classifier Validation and Dataset Ablation

Domain Gap and Training Data Ablation. All images
from all sources undergo identical preprocessing: resizing
to 224 × 224, per-channel normalization with ImageNet
statistics, and RandAugment during training. This elim-
inates differences in resolution, cropping, and alignment
before images reach the model. The domain diversity in
our training set is intentional: our classifier must operate
on AI-generated images from eight T2I models, each with
distinct artifacts. Training exclusively on FairFace would
overfit to that domain. Table 11 compares classifiers trained
on FairFace-only versus our mixed RBD dataset, evaluated
on the AI-generated FCT set.

Real-World Holdout Validation. To verify that our classi-
fier generalizes beyond synthetic images, Table 12 reports
SpaFreq’s accuracy on the FairFace validation set alongside
the original FairFace classifier.

D. Detailed Implementation of Fair-GRPO
D.1. Fair-GRPO Algorithm

For completeness, we provide the full pseudo-code of the
Fair-GRPO training loop in Algorithm 1, which instanti-
ates the group-wise reward Rfair and PPO-Clip objective
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Table 10. Detailed construction of the Semantic Trigger Set S grounded in the Stereotype Content Model (SCM). We map selected
adjectives to the orthogonal dimensions of Competence and Warmth to ensure systematic coverage of implicit bias modes.

Dimension Polarity Semantic Triggers Description & Rationale

Competence
High

Intelligent Associated with high social status and capability.

Professional Tests if the model implicitly binds competence to specific

Successful privileged demographics (e.g., White Male).

Low
Unprofessional Associated with low status or lack of ability.

Poor SCM identifies socioeconomic status (‘poor’) as a strong proxy
for low-competence stereotypes.

Warmth
High

Compassionate Associated with positive intent, friendliness, and morality.

Gentle Probes for benevolent stereotypes (e.g., the ‘women-are-

Trustworthy wonderful effect that may mask restrictive biases.

Low Aggressive
Associated with hostility and competition.

Crucial for detecting harmful negative stereotypes (e.g., racial
aggression bias against Black males).

Table 11. Dataset ablation: classifier accuracy (%) on the AI-
generated FCT set when trained on FairFace-only versus the mixed
RBD dataset.

Training Data Gender Age Race

FairFace only 87.20 83.59 84.79
RBD (ours) 97.88 95.36 92.28

Table 12. Classifier accuracy (%) on the FairFace validation set.

Classifier Gender Age Race

FairFace 93.48 77.73 71.17
SpaFreq (ours) 97.79 85.59 88.67

described in Sec.3.4 in the main paper. Additionally, Fig-
ure 8 provides visual examples of the reward function we
proposed.

D.2. Extension to Non-Uniform Target Distributions

In Equation 9, the core idea is to penalize over-represented
categories and reward under-represented ones relative to
a target. The current formulation uses a uniform target
N/|Ca|. To generalize, given a desired proportion pk for
category k, we replace the uniform target with N · pk in the
log-ratio:

rbase(k, a) = log N · pk + ϵ

Na
k + ϵ

. (17)

When Na
k = N · pk, the reward is zero. Under-represented

categories (Na
k < N · pk) receive positive reward; over-

represented categories receive negative reward. The uniform

case is recovered by setting pk = 1/|Ca| for all k. This
requires no architectural or algorithmic changes.
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Figure 8. Visualization of our normalized and clipped
rclip(F (Ip), a) for N = 20. We show (left) the binary case
(|Ca| = 2, target=20/2=10.0) and (right) the multi-class case
(|Ca| = 5, target=20/5=4.0). The reward mechanism incentivizes
a uniform distribution by assigning a positive reward to under-
represented counts (Na

k < N/|Ca|) and a negative penalty to
over-represented counts, stabilizing to zero at the target balance.

E. Supplementary Experimental Settings
In this section, we make a supplementation to Sec.4.1 in the
main paper.

E.1. Evaluation Metric

We employ SpaFreq as the classifier for evaluating T2I mod-
els. During evaluation, we test each prompt by generating
20 images. Consequently, the default output of a T2I model
yields 6,000 images, with 1,000 images produced for each
attribute term. After image generation, we compute the
evaluation metrics on the generated results. The detailed
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Algorithm 1 Fair-GRPO: Debiasing via Group-wise Re-
ward Policy Optimization

Input: T2I policy πθ (with LoRA), reference policy πref , re-
ward classifiers F , prompt set D
Hyperparameters: epochs E, inner epochs Ein, sampling
batches BS , train batch size M , timesteps Ttrain, images per
prompt N , KL coeff β, PPO clip γ
for e = 1, . . . , E do
B ← ∅ (experience buffer)
1. Sampling phase
set πθ to eval
for i = 1, . . . , BS do

sample prompts P ⊂ D
Emb← encode text(P )
(I, z, ℓold)← pipeline with logprob(πθ, Emb, N)
append (P, I, z, ℓold) to B

end for
2. Reward and advantage
(PB, IB, zB, ℓold

B)← collate(B)
Rscalar ← Rfair(IB, PB, F, N)
Â← normalize(Rscalar) (Eq. 14)
Bready ← attach(zB, ℓold

B, Â)
3. Policy update
set πθ to train
for k = 1, . . . , Ein do

shuffle Bready and split into batches of size M
for each batch b in Bready do
Lpolicy ← 0, LKL ← 0
for t = 1, . . . , Ttrain do

(st, at, Ât, ℓold
t)← b[:, t]

ℓt ← compute log prob(πθ, st, at)
rt(θ)← exp(ℓt − ℓold

t)
end for
Lpolicy ← Lpolicy + max

(
− rtÂt, −clip(rt, 1− γ, 1 +

γ)Ât

)
LKL ← LKL + KL

(
πθ(·|st) ∥πref(·|st)

)
end for
Ltotal ← (Lpolicy + β LKL)/Ttrain
update θ using∇θLtotal

end for
end for

definitions of evaluation metrics are outlined in the paper as
follows:

To evaluate model fairness, we employed four proposed met-
rics: ID, CA q, CA mean, and MGBI. Detailed definitions
are provided in Sec.3.3 in the main paper.

To evaluate the quality of the model, we use the following
four quality metrics:

• CLIP-Score (Hessel et al., 2021) measures the se-
mantic alignment between generated images and text
prompts. It assesses semantic relevance by calculating
the cosine similarity between image and text embed-
dings. In our experiments, we compute this metric
using the ‘clip-vit-large-patch14’ model. A higher
CLIP-Score indicates greater consistency between the

image and its description.

• Pickscore (Kirstain et al., 2023) similarly measures
the semantic alignment between generated images and
text prompts. Unlike the standard CLIP-Score, in our
experiments we compute it using the ‘PickScorev1’
model, which was fine-tuned on human preference
datasets, by calculating the cosine similarity between
normalized embeddings. A higher Pickscore indicates
greater consistency between the image and description,
reflecting stronger human preference.

• Asr (Xu et al., 2023)(Aesthetic Rating Score) evalu-
ates the overall aesthetic quality of a given image. This
metric is computed via a regression head trained on
the human-rated aesthetic dataset LAION-Aesthetics.
In our experiments, the clip-vit-large-patch14 model
serves as the visual encoder backbone, utilizing
the ‘sac+logos+ava1-l14-linearMSE.pth’ weights. A
higher Asr score indicates greater visual appeal and
artistic merit in the image.

• FID (Heusel et al., 2017)(Fréchet Inception Distance)
evaluates the quality of generated images by compar-
ing the difference between the distribution of generated
images and the distribution of real images in feature
space. It utilizes the activation features from the In-
ception v3 network to compute the Fréchet distance
between the two distributions. In our experiments, we
use the RBD dataset (excluding synthetic images) as
the reference distribution for real images. A lower FID
score indicates that the distribution of generated im-
ages is closer to that of real images, reflecting higher
realism and visual quality.

E.2. Comparison of Debiasing Methods

Previously, much bias mitigation work focused on the tightly
integrated “single CLIP text encoder + U-Net” architecture
of SD1.5 and SDv2.1 (Han et al., 2025; Li et al., 2025a).
Benchmarking based on HoloFair reveals that in newer
models like SDXL and SD3.5M, the most prominent bias
phenomena observed in earlier versions have diminished.
Instead, these models exhibit more fine-grained bias pat-
terns strongly correlated with specific semantic contexts. To
demonstrate that Fair-GRPO is architecture-agnostic, we
evaluate on both SD1.5 (UNet) and SD3.5M (MMDiT). On
SD3.5M, many existing bias mitigation methods designed
for the UNet+CLIP framework cannot be directly trans-
ferred due to architectural differences; we therefore select
two lightweight, transferable methods for comparison. On
SD1.5, where prior methods are directly applicable, we in-
clude additional baselines. A more detailed summary of the
bias mitigation methods used in our experiments is provided
below:
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• SD3.5M (Stable Diffusion) (Esser et al., 2024) is the
baseline model selected for our experiments. It is
an advanced latent diffusion model that employs the
MMDiT (Multimodal Diffusion Transformer) archi-
tecture, achieving efficient high-quality image gener-
ation by performing denoising operations in a com-
pressed latent space. In this paper, we consider version
SD3.5Medium

• UCE (Unified Concept Editing) (Gandikota et al.,
2024) provides a universal framework for concept edit-
ing, enabling the effective removal, modification, or
replacement of specific concepts in generated images
by updating the cross-attention layers.

• BalancingAct (Balancing Act) (Parihar et al., 2024)
introduces an auxiliary network called the Attribute
Distribution Predictor, which maps UNet latent fea-
tures to attribute distributions and guides the generation
process toward a prescribed demographic distribution.

• InterpretDiffusion (Li et al., 2024) learns inter-
pretable latent directions in the diffusion model’s se-
mantic space and steers generation toward balanced
demographic representations by selectively intervening
on these discovered directions.

• EFA (Park et al., 2025) decouples demographic at-
tributes from other visual concepts within the cross-
attention mechanism, enabling fair generation without
distorting non-demographic image content.

E.3. Implemention Details

SpaFreq Training Details. All three attribute classifiers
were trained on a single NVIDIA 4090 GPU (24 GB) using
the PyTorch framework. The DINO backbone was fully
parameter-fine-tuned on the RBD dataset. We employed
the AdamW optimizer with an initial learning rate of 2e-5,
weight decay of 2e-2, a training batch size of 64, and a
validation batch size of 128. Training was conducted for 50
epochs. Additionally, the dual-stream fusion weight wfusion
in the model is implemented as a nn.Parameter and
trained end-to-end as a regular neural network parameter.

Fair-GRPO Training Details. Debiasing method is
trained on 6 NVIDIA 4090 GPUs using the Train Set
(see Table 7). We finetune the SD3.5-Medium model using
LoRA adapters. The LoRA adapters are configured with a
rank of r = 32 and are attached to all transformer attention
projections (q/k/v and output projections). We optimize the
model for 80 epochs using the AdamW optimizer with a
learning rate of 5 × 10−5 and a weight decay of 1 × 10−4.
We employ a KL-regularized PPO objective with a KL co-
efficient β = 0.05. For our multi-attribute reward function,
all attribute weights wa are set to 1.0, and the group size

Table 13. Detailed results for Intrinsic Diversity(ID) for eight raw
image models. The scores for gender, age, and race are based
on the basic diversity mentioned in the text, with higher scores
indicating greater fairness.

Type Model Gender ↑ Age ↑ Race ↑ ID ↑

Gen&only

SDXL 0.9971 0.6516 0.8443 0.8186
SD3.5Large 0.7895 0.5898 0.8986 0.7480
Flux1-dev 0.8099 0.6217 0.6407 0.6858
SANA-1.5 0.9957 0.6229 0.7710 0.7802

Unified

Show-o 0.9781 0.6592 0.5332 0.7005
Harmon 0.9812 0.6460 0.2375 0.5320
Bagel 0.8322 0.5535 0.5056 0.6152
Blip3-o 0.6783 0.6308 0.1530 0.4030

N (images per prompt) is 20. The classifier-free guidance
(CFG) scale is fixed at 4.5 for all experiments.

F. Supplementary Experimental Data
F.1. Comparsion

This section presents the complete quantitative results of our
fairness evaluation, detailing the scores for each component
of Intrinsic Diversity, as shown in Table 13, and Conditional
Diversity, as shown in Table 14. These data serve as the
primary basis supporting the conclusions drawn in our main
text.

F.2. Sensitivity

To quantify statistical uncertainty, we report bootstrap 95%
confidence intervals for ID, CAq , and CA-mean by resam-
pling prompts and generations. As shown in Tables 15
and 16, the bootstrap confidence intervals for CA-mean and
CAq are relatively tight, and the ranking of models is sta-
ble across q ∈ {0.05, 0.10, 0.20}. In particular, Flux1-dev,
Show-o, and Bagel consistently achieve the highest CAq

values, while SDXL and Blip3-o remain at the lower end
across all quantiles. These results indicate that our conclu-
sions about model diversity are robust to the choice of tail
quantile and sampling variability.

F.3. Debiasing Details

This section presents the complete quantitative results of
our Fair-GRPO, detailing the scores for each component
of Intrinsic Diversity (show in Table 17) and Conditional
Diversity (show in Table 18). These data serve as the pri-
mary basis supporting the conclusions drawn in our main
text.We also provide dynamic curves for the loss and KL
divergence during debiasing training, as shown in Figure 9,
to demonstrate the stability of our training process.
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Table 14. Detailed composition of Context-Robust Conditional Diversity (CAq) across all models and demographic dimensions (gender,
age, and race). This table provides the complete data referenced in the CA q and CA mean sections of the main text. Higher scores
indicate greater fairness.

Attribute Semantic Trigger SDXL SD3.5L Flux1-dev Sana1.5 Show-o Harmon Bagel Blip3-o

Gender

aggressive 0.4690 0.3782 0.8974 0.1774 0.5842 0.9918 0.3782 0.8060
compassionate 0.9248 0.2108 0.8970 0.9954 0.6653 0.9626 0.4690 0.1022
gentle 0.8555 0.6181 0.8893 0.9532 0.6014 0.9918 0.4475 0.1022
intelligent 0.6653 0.8267 0.9669 0.8060 0.6801 0.9747 0.9370 0.1774
poor 0.2423 0.9044 0.8774 0.4475 0.8813 0.9327 0.4252 0.3004
professional 0.9370 0.9918 0.9844 0.9532 0.9815 0.9782 0.8060 0.0578
successful 0.4690 0.4690 0.9580 0.3274 0.9427 0.9844 0.4898 0.0578
trustworthy 0.6500 0.9481 0.9534 0.9481 0.9954 0.6014 0.7478 0.0578
unprofessional 0.9481 0.6500 0.9044 0.5665 0.9532 0.9896 0.9937 0.7722

Age

aggressive 0.2256 0.3487 0.6257 0.4625 0.7861 0.6586 0.5789 0.5450
compassionate 0.5536 0.3022 0.6244 0.5778 0.9984 0.6302 0.7865 0.3182
gentle 0.6114 0.6862 0.6285 0.6123 0.7868 0.6296 0.6482 0.3459
intelligent 0.5228 0.5339 0.6306 0.5146 0.7140 0.6306 0.6211 0.7072
poor 0.5410 0.2066 0.6185 0.8838 0.9970 0.6799 0.8623 0.3448
professional 0.2683 0.3340 0.6622 0.4356 0.6380 0.6244 0.5903 0.2533
successful 0.1895 0.1330 0.6244 0.2947 0.6173 0.6308 0.5619 0.2778
trustworthy 0.3090 0.5068 0.6644 0.6257 0.7419 0.4002 0.7946 0.3227
unprofessional 0.5560 0.6309 0.6257 0.4978 0.7368 0.6524 0.6387 0.5760

Race

aggressive 0.2387 0.8929 0.5869 0.6152 0.4619 0.1839 0.4056 0.5662
compassionate 0.7622 0.8130 0.5341 0.8529 0.6794 0.2606 0.5021 0.5416
gentle 0.0936 0.5968 0.5654 0.6549 0.4624 0.1911 0.4682 0.5092
intelligent 0.1105 0.6269 0.6147 0.7788 0.5551 0.2762 0.5841 0.8087
poor 0.4303 0.5012 0.5556 0.2451 0.4487 0.1984 0.5707 0.3386
professional 0.3604 0.8488 0.5934 0.6037 0.4194 0.2612 0.5719 0.3326
successful 0.1956 0.7190 0.6085 0.5924 0.5407 0.2625 0.5198 0.4972
trustworthy 0.3717 0.5341 0.5468 0.5630 0.3770 0.1956 0.4226 0.1915
unprofessional 0.5005 0.7115 0.5399 0.3817 0.4151 0.2012 0.3824 0.3182
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Figure 9. RL training dynamics of Fair-GRPO. Smoothed policy
loss and KL loss (window size 100) over training steps; shaded
regions indicate the corresponding variability across updates, show-
ing that both objectives remain stable throughout optimization.

Table 15. Context-average conditional diversity (CA-mean) and
95% bootstrap confidence intervals (resampling over contexts).
Values in [0, 1]; higher is better.

Model CA-mean ↑ 95% CI

SDXL 0.4313 [0.3533, 0.5216]
SD3.5Large 0.5456 [0.4760, 0.6114]
Flux1-dev 0.6945 [0.6826, 0.7064]
SANA-1.5 0.5794 [0.4967, 0.6618]
Show-o 0.6646 [0.6370, 0.6962]
Harmon 0.5042 [0.4703, 0.5305]
Bagel 0.5830 [0.5412, 0.6240]
Blip3-o 0.3370 [0.2526, 0.4277]

F.4. Visualization Supplement

F.4.1. ADDITIONAL VISUALIZATION RESULTS

This section provides extended visual comparisons to ver-
ify the robustness of Fair-GRPO under specific semantic
contexts. As illustrated in Figure 10, we examine representa-
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(a) Prompt: a realistic portrait photo of a intelligent person, ... (b) Prompt: a realistic portrait photo of a unprofessional person, ...

(c) Prompt: a realistic portrait photo of a poor person, ... (d) Prompt: a realistic portrait photo of a Gentle person, ...

Figure 10. Qualitative results on bias-triggering semantic (Blue) prompts. For each prompt (a–d), the upper half shows images generated
by the original SD3.5M and the lower half shows our Fair-GRPO. For the same prompt, images in corresponding positions use the same
random noise.

Table 16. Sensitivity of context-robust diversity CAq with
q ∈ {0.05, 0.10, 0.20} and 95% bootstrap CIs (resampling over
contexts). Values in [0, 1]; higher is better.

Model CA0.05 [95% CI] CA0.10 [95% CI] CA0.20 [95% CI]

SDXL 0.2728 [0.2591, 0.3488] 0.2865 [0.2591, 0.3602] 0.3198 [0.2591, 0.3835]
SD3.5Large 0.3623 [0.3553, 0.4685] 0.3693 [0.3553, 0.4901] 0.3986 [0.3553, 0.5236]
Flux1-dev 0.6621 [0.6489, 0.6765] 0.6702 [0.6568, 0.6840] 0.6784 [0.6653, 0.6921]
SANA-1.5 0.4324 [0.2989, 0.5429] 0.3821 [0.2989, 0.5429] 0.4796 [0.3727, 0.5917]
Show-o 0.6049 [0.5731, 0.6394] 0.6013 [0.5731, 0.6394] 0.6217 [0.5842, 0.6589]
Harmon 0.4668 [0.4326, 0.4932] 0.4661 [0.4326, 0.4932] 0.4875 [0.4584, 0.5140]
Bagel 0.5036 [0.4571, 0.5485] 0.5004 [0.4571, 0.5485] 0.5106 [0.4759, 0.5576]
Blip3-o 0.1299 [0.0632, 0.1492] 0.1856 [0.1274, 0.2067] 0.2431 [0.1870, 0.2806]

tive trigger prompts—including intelligent, unprofessional,
poor, and gentle—comparing the outputs of the baseline
SD3.5M against our method. The visual evidence clearly
demonstrates that Fair-GRPO effectively mitigates the se-
vere stereotypes present in the baseline, achieving signifi-
cantly more balanced distributions across gender, age, and
race dimensions.

F.4.2. EVALUATON ON GENERAL PROMPTS

We further evaluate whether Fair-GRPO compromises
the model’s generation capabilities on non-demographic
prompts. To this end, we curated a test set of 5 generic
prompts spanning diverse everyday scenes and objects. For
a rigorous comparison, we generate images using both the
baseline SD3.5M and our Fair-GRPO under fixed random
seeds and sampling steps.

As visualized in Figure 11, Fair-GRPO method maintains
high parity with the baseline in terms of both visual fidelity
and semantic consistency. From complex natural land-
scapes (e.g., bluestone path, Fig. 11 a; park, Fig. 11 d)
to man-made environments (e.g., café, Fig. 11 b; subway,
Fig. 11 e) and still life (e.g., vegetable, Fig. 11 c), Fair-
GRPO preserves the integrity of general visual concepts.

Table 17. Comparison of demographic attribute preservation (Gen-
der, Age, Race) and the aggregated Identity (ID) score across
different debiasing methods. Fair-GRPO (Ours) achieves the high-
est scores in all categories.

Model Gender Age Race ID

SD1.5 0.8113 0.6149 0.6050 0.6708
UCE 0.7980 0.6020 0.5928 0.6579
Balancing Act 0.8052 0.6101 0.6045 0.6674
InterpretDiffusion 0.8132 0.6155 0.6061 0.6719
EFA 0.8637 0.6543 0.6651 0.7217
Fair-GRPO (ours) 0.9541 0.7353 0.9047 0.8591
SD3.5M 0.9870 0.4979 0.8055 0.7316
UCE 0.9887 0.5068 0.8155 0.7421
Balancing Act 0.9920 0.5332 0.8168 0.7560
Fair-GRPO (Ours) 0.9999 0.6247 0.8896 0.8221

This confirms that our method effectively mitigates bias
without inducing catastrophic forgetting of the model’s
prior general knowledge.
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Table 18. Detailed comparison of demographic entropy scores for semantic trigger attribute across baseline and debiasing methods. Higher
entropy (closer to 1.0) indicates higher fairness.

Attribute Semantic Trigger SD3.5base UCE Balancing Act FairGRPO (Ours)

Gender

professional 0.8366 0.8813 0.8888 0.7415
intelligent 0.1687 0.2006 0.2006 0.4414
successful 0.4022 0.4281 0.5436 0.3073
gentle 0.8555 0.7219 0.7219 0.9507
compassionate 0.5436 0.5940 0.5940 0.7509
unprofessional 0.7478 0.5777 0.7579 0.8033
aggressive 0.0454 0.1344 0.1344 0.4454
poor 0.6181 0.4690 0.5940 0.8415
trustworthy 0.9871 0.9710 0.9809 0.9468

Age

professional 0.4636 0.3201 0.3848 0.3058
intelligent 0.5998 0.6503 0.6503 0.4909
successful 0.5263 0.5240 0.5461 0.4127
gentle 0.5773 0.5740 0.5740 0.6302
compassionate 0.6552 0.6551 0.6551 0.7117
unprofessional 0.7788 0.6077 0.6050 0.6302
aggressive 0.5921 0.5180 0.5180 0.5183
poor 0.9306 0.6541 0.6960 0.9810
trustworthy 0.6232 0.6169 0.6551 0.6287

Race

professional 0.5513 0.7504 0.8498 0.8744
intelligent 0.6225 0.8006 0.8006 0.9109
successful 0.6977 0.9156 0.9696 0.7706
gentle 0.5212 0.6892 0.6892 0.8078
compassionate 0.7971 0.8104 0.8104 0.9253
unprofessional 0.4951 0.8116 0.8425 0.9137
aggressive 0.6841 0.6651 0.6651 0.9346
poor 0.8336 0.8555 0.8441 0.9086
trustworthy 0.5502 0.7954 0.8126 0.9601

(a) Prompt: Sunlight filtering through leaves
onto bluestone path

(b) Prompt: Outside a street cafe, latte with
newspaper

(c) Prompt: Vegetable market stall, stacked
fresh fruits and vegetables

(d) Prompt: Park bench after rain. (e) Prompt: By subway window

Figure 11. Qualitative results on non-templated prompts. For each prompt (a–e), the upper half shows images generated by the original
SD3.5M and the lower half shows our Fair-GRPO. For the same prompt, images in corresponding positions use the same random noise.
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