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Abstract

Text-to-image (T21) diffusion models have achieved
widespread success due to their ability to generate high-
resolution, photorealistic images. These models are trained
on large-scale datasets, like LAION-5B, often scraped from
the internet. However, since this data contains numerous
biases, the models inherently learn and reproduce them, re-
sulting in stereotypical outputs. We introduce SelfDebias,
a fully unsupervised test-time debiasing method applica-
ble to any diffusion model that uses a UNet as its noise
predictor. SelfDebias identifies semantic clusters in an im-
age encoder’s embedding space and uses these clusters to
guide the diffusion process during inference, minimizing the
KL divergence between the output distribution and the uni-
form distribution. Unlike supervised approaches, SelfDe-
bias does not require human-annotated datasets or external
classifiers trained for each generated concept. Instead, it is
designed to automatically identify semantic modes. Exten-
sive experiments show that SelfDebias generalizes across
prompts and diffusion model architectures, including both
conditional and unconditional models. It not only effec-
tively debiases images along key demographic dimensions
while maintaining the visual fidelity of the generated im-
ages, but also more abstract concepts for which identifying
biases is also challenging.

1. Introduction

Generative models [10, 12, 17], particularly T2I models
[27], have achieved huge success in the past few years
due to their ability to generate high-resolution, photoreal-
istic images that align well with human perceptions. These
models are often trained on massive datasets [31], which
are scraped from the internet. Since a significant amount
of bias exists in internet-sourced content, these models un-
intentionally learn such biases. Recent studies [36] have
shown that these biases are not only learned by the models
but are also reproduced and sometimes amplified in their
outputs. Since diffusion models are now commonly used
in real-world systems [25, 28] and for data augmentation in
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downstream tasks [38], the bias in the model’s outputs, if
left unchecked, can lead to unfair outcomes and significant
representational harms [23].

A natural solution to prevent this bias in the model’s out-
put is to re-train the model on curated unbiased datasets.
But this approach suffers from degradation of diversity and
visual fidelity [25], in addition to the cost required to cu-
rate such datasets and retrain the models. As a result,
several alternative debiasing strategies have been proposed
[6, 9, 15, 23]. Majority of the existing supervised ap-
proaches primarily address societal bias like gender and
race, which are well known and can be pre-defined. Thus,
these specific biased concepts can be learnt, and further
used for debiasing. But, supervised debiasing frameworks
are quite restrictive for free-form image generation: (i)
Learning each concept separately, usually by generating
sufficient number of examples of each using the model can
be prohibitively expensive when debiasing along multiple
combinations of attributes [9, 23]; (ii) In several scenarios,
manually specifying the bias is very difficult, if not impos-
sible. For example, for abstract concepts like a peaceful
scenery, concrete concepts like bags, etc., it is not clear what
are the biases introduced! Thus, it is imperative to develop
unsupervised techniques which can automatically discover
the inherent biases and self-correct itself to generate more
unbiased outputs. This is an extremely challenging and rela-
tively unexplored direction. Recently, unsupervised frame-
works such as TIME [22] and UCE [9] have been proposed.
However, both methods rely on a predefined list of attributes
and their combinations that are intended to be debiased. Un-
like TIME, which is restricted to editing attributes with only
two categories, UCE enables the simultaneous debiasing of
multiple categorical attributes. Consequently, most of our
comparisons in this paper are made with UCE. UCE modi-
fies the influence a token exerts along attribute directions in
a specified ratio, making prior knowledge of these attributes
essential, which may not always hold true in practice.

Towards this goal, we propose SelfDebias, a fully unsu-
pervised debiasing framework that operates directly in the
semantic latent space (h-space) of diffusion models. Rather
than relying on predefined bias axes, we use the CLIP [26]



image encoder to uncover semantic latent modes of vari-
ation through unsupervised clustering of generated image
embeddings. These clusters serve as proxy semantic groups,
and we guide the generation process to reduce the domi-
nance of any single group. Although we use CLIP in our ex-
periments, any image encoder capable of semantically sep-
arating images in its embedding space could be used. This
utilization of semantic separability in the embedding space,
which is already available, enables us to perform debiasing.

The proposed SelfDebias framework has three main
modules: (i) semantic projection module: Here, a large
batch of images is generated using a conditional diffusion
model based on a given prompt. Then a projection network
is learnt, which maps the h-space activations from the UNet
of these generated images to their semantic image embed-
dings; The (ii) semantic mode discovery module performs
hierarchical clustering to automatically cluster the projected
features and discover semantic modes in the representation
space; During inference time, the (iii) self-debias module
uses these learned modes to perform soft cluster assignment
over the projected h-space activations. The KL divergence
between the predicted soft cluster distribution and a uniform
prior acts as a differentiable surrogate for balancing the con-
cepts. The resulting loss is back-propagated to edit the h-
space representations mid-generation, and the updated ac-
tivations are used in the subsequent denoising steps. This
process allows us to apply semantic guidance directly in h-
space without modifying the model weights or relying on
any external supervision, making our method lightweight
and compatible with existing pretrained diffusion models.

Terminology. In the LLM literature [30], “self-
debiasing” often denotes reflective or prompt-based proce-
dures that leverage a model’s own knowledge to critique or
revise its outputs . In this paper, by SelfDebias we mean
a purely test-time, statistical intervention on hidden activa-
tions (the h-space). Crucially, model weights (U-Net, VAE,
text encoder) are never updated.

Our key contributions are as follows:

. To the best of our knowledge, SelfDebias is the first fully
unsupervised, test-time framework for debiasing diffu-
sion models, without requiring attribute labels, external
classifiers, or retraining.

We demonstrate that our inference-time intervention-
based framework generalizes across different demo-
graphic attributes like gender, race, age, etc. without any
supervision.

We showcase the debiasing capability of SelfDebias in
scenarios where the appropriate debiasing axis is unclear
or difficult to define, such as abstract prompts, which
cannot be handled by supervised techniques.
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2. Related Works

Diffusion-based models are now the state-of-the-art for
high-fidelity image generation. However, a growing body of
research has shown that these models are not free from so-
cietal biases, like gender-occupation stereotypes, race, and
age, [1, 4, 21, 21, 32]. The existing debiasing techniques
can broadly be categorized into two approaches, namely de-
biasing with or without requiring retraining.

Debiasing with retraining. Many prior works attempt to
debias generative models by retraining from scratch, as seen
in the progression of Stable Diffusion (e.g., SD 1.5 vs. SD
2.1), or through fine-tuning [5, 37, 39]. Some approaches
use a balanced reference dataset to perform bias correc-
tion. Choi et al. [5] proposed a density-ratio estimation
technique for bias identification and reweighted the training
data accordingly. More recently, in the context of diffusion
models, Shen et al. [34] propose a distributional alignment
loss that directly optimizes for fairness in the generated out-
puts. Few recent works [13, 14, 16] have also explored
debiasing by either fine-tuning or retraining the model on
carefully curated datasets. While these retraining-based ap-
proaches have shown promising results, they depend on la-
beled or curated datasets and involves a substantial com-
putational overhead for the retraining procedure. In con-
trast, our method does not require any retraining, access to
the original training data, or demographic labels, substan-
tially lowering the cost and complexity of deployment in
real-world settings.

Debiasing without retraining. These methods aim to in-
tervene during inference time to mitigate bias, as opposed
to fine-tuning-based approaches. As a result, they are sig-
nificantly more cost-efficient in terms of training. A recent
work by Parihar et al. [23] proposes a method for debiasing
diffusion models by editing the intermediate latent repre-
sentations (h-space) of the U-Net during inference. Simi-
larly [18, 20] directly perform edits in h-space to control
semantic attributes, but both of these require at least some
form of demographic supervision or annotation. Chuang et
al. [6] performs algebraic manipulations of biased direc-
tions in text embeddings to debias 72/ diffusion models.
Jiang et al. [15] argue that since text-image alignment oc-
curs primarily through cross-attention, updating these lay-
ers using parameter-efficient tuning (e.g., LoRA-style adap-
tation) enables controlled attribute steering. [9, 22] follows
same principles and targets the cross-attention layers to de-
bias and erase at the same time. A recent work [35] de-
tects bias features embedded in diffusion models at neuron
level and intervenes to prevent bias. However, all these ap-
proaches assume access to labeled data and demographic
dimensions to supervise optimization. NoiseCLR [7] also
discovers self-supervised directions, but it requires costly
training in noise space, does not apply to unconditional gen-
eration, and its directions capture general semantic varia-



tions rather than bias-specific axes. This limits their gen-
eral applicability, especially in cases where it is difficult to
define debiasing axes. In contrast, we propose a fully unsu-
pervised self-debiasing framework, which is applicable for
a much wider range of concepts.

3. Proposed Framework

Here, we describe SelfDebias, a fully unsupervised debi-
asing framework for pretrained diffusion models, without
retraining, supervision, or access to attribute labels. The
key idea is to align the distribution of generated samples
across latent semantic modes, discovered via clustering in
the image encoder’s embedding space, to a uniform target,
thereby reducing the inherent bias. The framework con-
sists of three key modules (Fig. 1): (1) Semantic Projection
Module: where a projection from &-space to semantic space
is learnt; (2) Semantic Mode Discovery Module: where
semantic clusters are determined via unsupervised cluster-
ing; and (3) Self-debias Module: where h-space editing via
a KL-divergence loss is performed between the predicted
cluster distribution and a uniform prior. We will now de-
scribe these modules.

3.1. Semantic Projection Module

Here, we learn a projection from the h-space to a semanti-
cally disentangled latent space.
Intermediate Activations (k-space): We briefly describe
the h-space of diffusion models, which is the intermediate
representation for completion. The U-Net backbone used in
diffusion models has a bottleneck feature layer between the
encoder and decoder blocks. The activations at this bottle-
neck layer are referred to as h-space [18], denoted h,. These
intermediate representations contain rich semantic informa-
tion about the current sample at timestep ¢, and have been
shown to encode interpretable features such as gender, age,
and object type [18]. In our framework, we extract h; dur-
ing the sampling process and apply gradient-based updates
This makes our method efficient, modular, and applicable
to any diffusion model with U-Net-style architectures.
Recent supervised debiasing framework [23] has utilized
h-space. First, we perform a simple analysis on the h-space
to understand whether they are sufficiently discriminative
and can be directly clustered to determine the underlying
concepts. We take gender (male and female) as the running
example, for ease of understanding. We generated 2,000
images using the prompt "A face of a person” and capture
their h-space embeddings during generation. These embed-
dings are clustered and visualized, and the corresponding
images are also labeled using CLIP as a zero-shot classifier.
Both visualizations are shown side by side in Fig. 2. We ob-
serve that although these features are semantically rich, they
are also highly entangled. This prevents effective clustering
in this space for the purpose of extracting distinct semantic
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modes. Therefore, we need to project the h-space vectors
into an embedding space where the representations are more
semantically disentangled.

Let hy) € R? denote the h-space activation at timestep
t for image 7, extracted from the bottleneck layer of the
U-Net. Let xél) be the corresponding generated image ob-
tained via decoding, and let 2() = E (x(()i)) be its embed-
ding in the semantic space, where E is the image encoder
(we used CLIP), capable of encoding images into a seman-
tically disentangled space. We train a lightweight projec-
tion network g, to align h-space activations with their cor-
responding semantic embeddings. To achieve this, we use
the NT-Xent contrastive loss [2], which pulls together posi-
tive pairs (g, (h{"), 2(*)) while pushing apart negative pairs
(94 (hi’)), 2\)) for j # i within the same batch. For a batch
of size N, the loss for a sample 7 is defined as:

exp (cos(g,/,(hgi))7 z(i))/r)

E(i) _ : ,
32 exp (cos(u (1), 200)/7)

proj

log (1)

where cos(+, ) denotes cosine similarity and 7 is the tem-
perature hyperparameter. The total projection loss over the
batch is given by:

N
1 i
Lproj = N E :‘C;()r()j' @)
i=1

This encourages the projected h-space features to align with
their corresponding semantic embeddings, while remaining
well-separated from others in the batch. Once trained, g, is
frozen and used during inference to project h-space activa-
tions into the semantic embedding space.

3.2. Semantic Mode Discovery Module

After semantic projection, we obtain a set of projected se-

2 =

mantic embeddings {2,51)}1.1\;1 of N images, where
gl/,(h,@). To uncover latent semantic modes of variation
without supervision, we perform clustering on the projected
embeddings. We do not assume prior knowledge of the
number of clusters, as the relevant modes of variation may
not be obvious.

Challenge in discovering modes: To better understand
what kind of clustering is required to compute the different
concepts, we again consider the widely used demographic
concepts, but here, instead of only gender, we also consider
other factors like race, age, etc. We observe that though
gender is well clustered, the other factors are quite entan-
gled. As expected, we cannot disentangle across multiple
dimensions like race and gender simultaneously, since each
gender will have people of all races. With more dimensions,
the entanglement further increases. To discover all these
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Figure 1. An overview of the proposed SelfDebias framework. 1) First, the projection network is trained to transform the semantically
entangled A-space vectors to a disentangled semantic space; 2) Second, the semantic modes are discovered through a two stage clustering
process of the projected h-vectors; 3) Finally, the A-vectors of a biased batch are updated such that the tend towards a more uniform

distribution, leading to a debiased batch.

CLIP Labels (blue = male, red = female) K-Means Clusters (k=2)

N > N 2P
© » . .
X oo T
o P dpat R & %, S AR 2 S
LY 9?0; o ” S LA (4 g 3o
0 k. 3H [ .:". 4 10 s (S R s
28 0% G s 28 ® Ko,
fe ‘A1 Lend, W Ve fe AR Sy B
0 P e el PWe 0 RIS
LRAN WY} K LR T
10 [ TR ?:‘\‘ e 10 ° ':-.ﬁn. YRR
L SRR Lee S| | elnt
&t ‘:&. ”:i:‘g"e‘ ° & °".‘. ”:‘: ot 0
2 i o " %I <
& @

Figure 2. Left: h-space vectors labeled using CLIP as a zero-shot
classifier (blue = male, red = female). Right: The same h-vectors
grouped via K-Means clustering (k = 2). Both visualizations are
produced using PCA followed by t-SNE. The unsupervised clus-
tering (right) fails to align meaningfully with the semantic labels
from CLIP (left). This misalignment highlights the entangled na-
ture of the h-space.

factors in an unsupervised manner is extremely challeng-
ing. Here, we propose to use a hierarchical clustering [29]
with adaptive weighting to discover these semantic models
to eventually debias the model output.

First Stage Clustering: To estimate the appropriate num-
ber of clusters, we evaluate clustering quality across differ-
ent k£ values using silhouette score [33], which quantifies
how well each point fits within its assigned cluster relative
to other clusters. For each k, we compute the average sil-
houette score across all data points. Higher score indicates
that the clusters are well-separated and internally cohesive.
We select the k value closest to the maximum silhouette
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score. This aligns with the usual model selection principles
in unsupervised learning.

Second Stage Clustering: The clusters obtained up to this
stage capture the dominant semantic groupings in the data,
i.e., those aligned along axes of highest semantic varia-
tion. However, each cluster may still contain finer-grained
semantic distinctions. We apply recursive spectral clus-
tering within each to uncover finer semantic dimensions.
This recursive process is governed by two hyperparame-
ters: Smin (minimum allowed cluster size) and d,,.x (max-
imum recursion depth). A cluster is split only if it contains
more than s,;; samples and its current depth d < dpyax.
This results in a hierarchy of clusters with varying seman-
tic granularity. We denote the final set of leaf clusters
as C = {c1,¢2,...,cx}, where each cluster ¢; is associ-
ated with a semantic embedding space centroid and a depth
d; € {0,1,...,dmax}. For each projected vector 2§”, we
compute a soft assignment over the final set of clusters us-
ing cosine similarity with temperature scaling:

,Cj))

A(i)’ck,))

K
Y pr—q €XD (a - cos(Z;
where « is a temperature parameter controlling assignment
sharpness. We then average these soft assignments across
the images to obtain the empirical distribution over discov-
ered clusters as follows:

exp (a . cos(ét(i)

3)

“4)



Adaptive Cluster Weightage: To reflect the hierarchical
structure of the clusters, we assign each cluster c; a weight
based on its depth:

1
- 5
bt dj +1 )
The target distribution is then defined as:
W
Uil = =— 6)
k1 Wk

This depth-weighted uniform target ensures that shallower
semantic modes are treated as more significant, while allow-
ing fine-grained sub-clusters to contribute proportionally.

3.3. Self-debiasing Module

To encourage balanced representation of the discovered la-
tent modes, inspired by [23], we minimize the KL diver-
gence between the predicted distribution P, and the depth-
weighted uniform target U/:

() o

Our novel formulation facilitates debiasing across all the
axes (gender, age, race) simultaneously. Thus the target
distribution will have all the concepts that have been dis-
covered in the previous module. Since the assignment prob-
abilities are defined via a softmax over cosine similari-
ties, they form a differentiable function of the projected A-
vectors, making the loss in Eq. (7) differentiable. We back-
propagate this loss into the h-space representations:

K
Euniform = KL(Pt Hu) = ZPt[ﬂ 10g

j=1

Pi[j]
Uyl

hgi) hgi) —- thi)[funiform ®)

The updated ﬁfj) is then used to compute the denoised latent
xil)l in the sampling trajectory. Notably, the entire process
is unsupervised and test-time only, requiring no retraining,
no attribute labels, and no access to the training dataset.
Overall Framework: To summarize, we begin by gener-
ating a set of 2,000 images along with their corresponding
h-space activations for a given prompt. These activations
are then used to train the semantic projection module. Once
trained, this module is used to project the h-space vectors
into the semantic embedding space, where clustering is per-
formed. After identifying the cluster centroids, we inter-
vene in the h-space during inference, using the method de-
scribed above, to steer each generated image batch towards
more balanced outputs.

4. Experiments

Here, we present extensive experiments to evaluate the ef-
ficacy of the proposed framework. First, we evaluate the
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effectiveness of our approach in debiasing the face domain,
addressing both major semantic shifts and finer-grained
variations, and compare it against existing methods. Ad-
ditionally, we assess SelfDebias on occupational bias us-
ing prompts derived from the WinoBias [42] dataset. No-
tably, we highlight SelfDebias’s unique ability to debias
even when the target attributes are vague or unspecified. We
further demonstrate the method’s independence from any
specific image encoder and its model-agnostic nature.

4.1. Implementation Details

For our experiments, we use Stable Diffusion v1.5 [27].
All experiments are conducted on NVIDIA RTX A5000
GPUs. We used a batch size of 100 for dataset genera-
tion and performed image synthesis with 50 inference steps.
For training the semantic projection module, we use a time-
conditioned two-layer MLP projecting to 512 dimensions.
Its input is a flattened h-vector and a timestep embedding
and it outputs a 512-dimensional vector aligned with the
CLIP space. For evaluation, we use Fairness Discrepancy
(FD) [5] to quantify demographic bias, which measures the
deviation of the generated attribute distribution from a uni-
form target. FD is computed as:

FD = [7 = Earupy (o [C(@)]]]
where py(x) is the distribution of generated images and p
denotes the uniform distribution over attribute classes. C(+)
is a high-accuracy attribute classifier, for which we have
used same setup as in [23]. We used FID [11] to determine
the quality of the images generated. We have used standard
implementation of clean-fid [24] for calculating it.

Baseline Approaches: To the best of our knowledge, there
are no fully unsupervised techniques, so we compare with
the following approaches: 1) Supervised Approaches:
Here, we compare with i) Random Sampling, which is
vanilla stable diffusion model, without any modifications.
ii) ITI-Gen [41] , which works through appending of prompt
tokens with learned prompt embeddings of each category.
iii) Fair Diffusion [8], which uses a lookup table for recog-
nizing bias from the given text input and adds corresponding
scaled embeddings to the text embeddings iv) H-Guidance
[23], which not only assumes the knowledge of the bias con-
cepts, but also learns the specific concepts by generating
sufficient images using the base diffusion model; 2) Unsu-
pervised Approach with Bias Knowledge: We also com-
pare with the recent unsupervised approach UCE [9] and
self-supervised approach ID [20], both of which assume the
knowledge of the bias concepts for performing debiasing,
but doesn’t use any labeled datasets to achieve their debias-
ing objectives. Unlike our method, ID [20] learns a separate
direction for each attribute; for fairness, we selected con-
cepts via a uniform-probability switch rather than manual

toggling.
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Table 1. Comparison of different methods for debiasing gender
using FD and FID metrics. We also indicate whether the method
assumes known bias labels or operates in an unsupervised manner.
Underline = Best overall, bold = Best among unsupervised meth-
ods; Note that ours is completely unsupervised, whereas UCE and
ID assume the knowledge of the bias axes.

Method FD| FID]| Biasunknown? No supervision?
Random Sampling 0.317  72.37 — —
ITI-Gen [41] 0.049 64.79 X X
Fair Diffusion [8]  0.227 71.22 X X
H-Guidance [23] 0.024 70.69 X X
UCE [9] 0.028 69.81 X v
1D [20] 0.019 70.64 X v
SelfDebias (ours) 0.009 70.52 v v

CLIP + UMAP + Spectral Clustering
Before Debiasing After Debiasing

e Cluster 0
e Cluster 1

e Cluster 0
e Cluster 1

UMAP-2

Figure 3. UMAP visualization of image embeddings before (left)
and after (right) debiasing for gender. Right plot exhibits more bal-
anced cluster distribution, indicating effective mitigation of bias.

4.2. Mitigating Bias in Human Face Generation

Here, we present the results of our approach using (i) two
clusters and (ii) multiple clusters.

Two Cluster Results: We observe that the image distribu-
tions produced by diffusion models naturally separate into a
few dominant semantic clusters in CLIP embedding space,
which typically align with high-variance attributes such as
gender in faces or species in pets. In the first experiment,
we cluster the embeddings of human faces into two clusters
(which naturally align with gender) and report the perfor-
mance in Table 1. The results of the competing methods
are taken directly from Parihar et al. [23] for consistency
and comparability. We observe that despite being a com-
pletely unsupervised approach, it outperforms supervised
techniques in terms of FD and is third in terms of FID (only
slightly worse than UCE).

For qualitative analysis, we present visualizations of im-
ages in CLIP embedding space before and after debiasing in
Fig. 3 and image grids before and after debiasing in Fig. 4.
Together, these visualizations illustrate how our method re-
structures the semantic space and promotes greater balance
across dominant demographics.

Multiple Clusters: Here, we further divide each main clus-
ter found in above clustering for debiasing along more fine-
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Figure 4. Top: Generated images using vanilla Stable Diffusion
1.5. Bottom: Generated images using SelfDebias. The debiased
set contains 44% men, as opposed to 22% using the original model
(in blue).

grained attributes, like age and race. Despite the fact that
these sub-clusters cannot simultaneously align cleanly with
all attributes, they often represent consistent local seman-
tics, what we call pseudo-semantic regions. We observe that
it captures local structure that reflects entangled but mean-
ingful groupings.

We identify such regions recursively and use their cen-
troids to guide debiasing. At inference time, we compute
similarity of latents to these centroids and enforce a form
of semantic diversity by encouraging a uniform sampling
over them. Importantly, we do not attempt to identify each
attribute axis explicitly, nor to enumerate all possible de-
mographic intersections, both of which can be combina-
torially large and often unobservable. Instead, we rely on
the emergent structure revealed through recursive unsuper-
vised clustering. Though the number of resulting clusters
is often fewer than the total number of demographic com-
binations, we empirically find that enforcing balance across
these pseudo-semantic regions reduces demographic bias,
as measured by the evaluation metrics.

As shown in Table 2, recursive debiasing improves parity
across gender, race and their combinations. Fig. 5 visualizes
the discovered cluster hierarchy using UMAP, illustrating
how deeper recursive levels uncover nuanced structure oth-
erwise hidden in flat representations. We show sample im-
ages from each cluster in Fig. 6. We observe that SelfDe-
bias outperforms even the supervised approaches for gen-
der and Race+Age+Gender criteria, despite being a com-
pletely unsupervised approach, unlike the other compared
approaches. For these results, the supervised techniques
generate images for each concept at a time, for example,



Figure 5. UMAP projection showing fine-grained clusters and
their centroids (marked with black-crosses) for faces generation.

Figure 6. Results of hierarchical clustering; each column displays
a subset of images from one cluster. Column 1 primarily contains
men. Cluster 3 includes individuals with darker skin tones, while
Cluster 4 predominantly features individuals with Asian facial fea-
tures. Clusters 2 and 5 appear more semantically mixed, including
faces with characteristics commonly associated with Indian and
white individuals.

for age, images are generated specifically for diverse ages,
whereas for UCE [9], we enumerate all the concepts. Our
framework debiases across all the dimensions at once.

4.3. Occupation-Related Bias

Next, we evaluate SelfDebias on a set of occupation-based
prompts inspired by the Winobias benchmark (e.g., “a photo
of a doctor”, “a photo of a teacher”), which are known to
elicit biased gender associations in generative models due
to correlations in web-scale training data. For each prompt,
we generate a batch of images using our method and then
classify the gender of each generated image to compute the
deviation ratio [9] for evaluation. Importantly, we perform
debiasing using cluster centroids computed from a single
generic prompt: “a photo of a person”. This decouples the
clustering step from the downstream prompts and demon-
strates that SelfDebias does not require task-specific repre-
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Table 2. Comparison of different methods for debiasing using the
FD and FID metrics. CNA = Checkpoint Not Available. Criteria
RAG = Race + Age + Gender. Race includes White, Black, Indian
& Asian. Age includes Young, Old & Adult. Underline = Best
overall, bold = Best among unsupervised methods, * = Uses su-
pervision, $ = Unsupervised but knows labels

Criteria Random Sampling H-Guid" [23] UCE? [9] SelfDebias (Ours)
FD FID FD FID FD FID FD FID
Race 0.387 72.37 0.188 75.52 0.254 83.84 0.237 87.08
Age 0.488 72.37 0.194 78.88 0.238 87.82 0.272 87.08
Gender  0.317 72.37 0.024  70.69 0.028 69.81 0.015 87.08
RAG 0.385 72.37 CNA CNA 0314 89.96 0.297 87.08

sentations at test time. As shown in Table 3, our method
consistently reduces gender skew, even though the semantic
clusters were learned using a neutral base prompt. We ob-
serve that for all three of the four prompts, it outperforms
UCE, whereas for Analyst, it performs almost at par with
the others. The results for other methods in Table 3 are di-
rectly taken from [9] for consistency in comparison.

4.4. Debiasing Abstract Concepts

The proposed SelfDebias is unique in its ability to perform
debiasing without any prior knowledge of the bias concepts.
This enables our method to generalize beyond predefined
notions of bias and operate effectively in settings where the
source of bias is unknown or unlabelled. To demonstrate
our method’s ability to operate without prior bias axes,
we present two illustrative examples. In the first case, we
prompt a Stable Diffusion model with the phrase “a peace-
ful moment”. The model typically generates either empty
scenic landscapes or landscapes with people, often favoring
the former disproportionately. In this context, it is not feasi-
ble to define an explicit bias axis, as the notion of “peaceful-
ness” is abstract and subjective. Despite the lack of a clearly
identifiable bias direction, SelfDebias effectively identifies
and mitigates the over-representation of people in the out-
puts. As shown in Fig. 7, SelfDebias successfully debiases
such ambiguous scenarios without relying on explicit guid-
ance or external classifiers.

In the second example, we examine the model’s behav-
ior when prompted with “a fantasy creature”. Interestingly,
the outputs tend to cluster into two broad semantic cate-
gories: one consisting of humanoid entities and the other
dominated by beast-like forms resembling dinosaurs. We
observe a bias toward the latter, with the model dispro-
portionately producing dragon-like creatures while under-
representing humanoid variants. SelfDebias successfully
identifies and mitigates this imbalance. As illustrated in
Fig. 8, SelfDebias leads to a more semantically balanced
distribution without requiring predefined concept axes.



Table 3. Profession-specific gender deviation ratios (mean =+ std) across different debiasing methods. Lower is better.Underline = Best

overall, bold = Best among unsupervised methods

Profession  Original-SD  Concept Algebra [40] Debias-VL [6] TIME [22] TIME + Preserve [9] UCE [9] SelfDebias

Librarian 0.86 + 0.06 0.66 +0.07 0.34 + 0.06 0.26 +0.05 0.35 +0.01 0.07 +£0.07 0.06 +0.05
Teacher 0.42 +£0.01 0.46 4+ 0.00 0.11 £ 0.05 0.34 +£0.06 0.07 £ 0.06 0.06 £0.02 0.04 +0.02
Analyst 0.58 £0.12 0.24 +£0.18 0.71 £ 0.02 0.52 +£0.03 0.13 + 0.05 0.20 £0.07 0.22+0.06
Doctor 0.78 +0.04 0.40 4+ 0.02 0.50 4+ 0.04 0.58 +0.03 0.41 +0.08 0.20+0.02 0.18+0.04
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Figure 7. Top: Generated images using original model Bottom:
Generated images after applying SelfDebias. In the original set
(top), 20 out of 32 images (62.5%) depict scenes without people.
After debiasing (bottom), this number decreases to 16 out of 32
images (50%), reflecting a 12.5 % reduction in people-less scenes.

4.5. Generalization

Generalization to Imbalanced Targets Our method gen-
eralizes to arbitrary target distributions over discovered se-
mantic clusters. This is especially useful for simulating spe-
cific environments, such as demographic skews in urban set-
tings. Fig. 2 in supplementary material shows results.
Generalization across image encoders: To evaluate the
independence of our debiasing method from the choice
of image encoder, we additionally experiment with Open-
CLIP’s image encoder [3] for debiasing the gender attribute
in the facial domain. As shown in Fig. 3 of supplementary
material, our method successfully debiases the representa-
tions when using OpenCLIP.

Generalization across model To demonstrate the model-
agnostic nature of SelfDebias, we evaluate it on an uncon-
ditional DDIM model trained on CelebA-HQ dataset [19].
Despite the absence of text conditioning, our framework
reduces demographic imbalance. We have shown qualita-
tive results in Fig. 4 of supplementary. This confirms that
our method generalizes effectively across architectures and

Figure 8. Top: Generated images using original model. Bot-
tom: Generated images after applying SelfDebias. In the original
set (top), only 30% of the scenes depict humanoid-like creatures,
whereas in the debiased set (bottom), this increases to 40%, indi-
cating a more balanced semantic distribution.

training regimes. Unsupervised methods like UCE [9] and
TIME [22], cannot debias unconditional diffusion models
because of their reliance on text tokens, whereas our method
is generalizable to any diffusion model with an UNet.

5. Summary and Conclusion

We propose SelfDebias, a fully unsupervised, framework
for mitigating bias in diffusion models. SelfDebias guides
generation by promoting uniformity over semantic clus-
ters discovered in a latent space, without relying on at-
tribute labels or external classifiers. Operating entirely in
the h-space, it generalizes across architectures that uses
UNet as their backbone. A limitation of our method is
that discovered clusters may not always align with human-
interpretable concepts. It can successfully debias only if
those concepts are generated by the model. In conclusion,
we hope that SelfDebias contributes to the pursuit of fair
generation, especially in settings where supervision is lim-
ited but ethical generation is critical, and serves as a strong
baseline for future unsupervised debiasing methods.
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